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Abstract

:

The number of elderly people is increasing worldwide, especially in Europe. Such an aging of the population has numerous consequences for society, many of which relate to transportation: older people, aware of their reduced abilities, prefer walking to driving. This leads to an increase in the elderly walking population and thus the need to understand and address the safety issues of these road users. Although these issues are well known, this topic has been little researched so far. The objective of this research is to provide a deeper insight into the safety level of elderly pedestrians by recognizing repetitive patterns leading to accidents involving them, to highlight the magnitude of the problem by analyzing a 10-year pedestrian crash database, to develop a model predicting—on the basis of the recognized patterns—the severity level of collisions involving older pedestrians, and, finally, on the basis of the highlighted factors, to propose some countermeasures to improve their safety. In order to achieve this goal, first, a statistical analysis of the database is performed, considering 13 factors that lead to accidents. Second, Kolmogorov–Smirnov and Anderson–Darling tests are performed to check if the data follow a normal distribution. Finally, an ordinal logistic regression model is proposed to determine the relationship between the crash severity level and the factors characterizing collisions. Thanks to this model, the statistical influencing factors are highlighted. Finally, based on the previous analysis, some technical and educational countermeasures are proposed.
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1. Introduction


The general improvement in the quality of life that has been attained in recent decades has led to an increased aging of the world’s population. Considering only the example of Europe, the decrease in birth rates and increase in life expectancy has resulted in a larger proportion of elderly people [1]. According to the statistics reported in [1], the number of people older than 65 will increase from 90.5 million at the beginning of 2019 to 129.8 million in 2050. The 65–74 age group will increase by 16.6%, while the 75–84 age group will increase by 56.1% and the under-55 age group will decrease by 13.5%. Such an aging population naturally has an impact on the entire society and the services it needs, including transportation. It is well known that older people have more limited mobility, poorer visual abilities, longer reaction times, and often physical limitations that do not allow them to safely navigate traffic. Therefore, many older people prefer to walk, which increases the percentage of pedestrians, especially in urban areas where the distances to be covered are shorter. However, this does not mean that they are safe: it is well known that the survival probability when pedestrians are involved in a crash decreases with increasing age, meaning that the older the pedestrian involved in a collision, the greater the probability of serious injuries or even death [2]. This is also confirmed by alarming crash statistics involving elderly pedestrians. The Road Safety Observatory [3] calculated that 50% of pedestrians involved in accidents are over 65 years old, an increase of 7% compared to 2010. Slovenia reported a slightly better—but still consistent—trend in these statistics: 31% of all pedestrians involved in accidents were older than 65.



This paper aims to shed light on the situation of elderly pedestrian safety in Slovenia by analyzing the crash data reported in the national accident database. The ultimate goal is to understand if there are some repetitive patterns and to propose effective measures that could be put into practice by road safety stakeholders to improve the road safety of older people. In addition, a regression model based on the crash data of older pedestrians was developed to predict the crash severity of the selected accident typology and to highlight the road design elements with the greatest influence on elderly pedestrian crashes.



This paper is organized into five sections. The Introduction is followed by a literature review to highlight the existing evidence on older pedestrian safety and the accident severity prediction models already applied in other scientific works. The Methodology section that follows explains the theoretical background of the statistical tests and methods used in the research and briefly discusses the database and data collection technique. In the Results section, the statistical analyses of the obtained crash data are presented and the normality tests and developed regression model are introduced. Finally, in the Discussion and Conclusion sections, the main observations and findings are summarized and specific suggestions are made to improve the road safety of elderly pedestrians.




2. Related Works


The problem of elderly pedestrian road safety was highlighted as early as the 1990s, when Zegeer et al. [4] conducted an analysis of two U.S. crash databases—the North Carolina motor vehicle crash file and the FARS data—for the period 1980–1990, taking into account time factors, roadway and location factors, vehicle maneuvers, and alcohol involvement. Based on their findings, they suggested a number of educational and technical actions that U.S. practitioners could take to improve elderlies’ safety.



With the increase of the interest in walking and the growth of aging, the topic gained new momentum among researchers worldwide in the 2000s. In 2016, Tournier et al. [5] conducted a comprehensive review of the problems older pedestrians face in traveling by foot. They identified three main difficulties: reduced walking ability and insecurity when trying to avoid an obstacle, wayfinding and navigation skills that decline with increasing age, and road crossing. In [6], the authors presented the results of a survey conducted among a group of older people in southern Ontario. The results confirmed three factors that affect older pedestrians’ susceptibility to accidents, namely, walking difficulties, fear of falling, and the capability to judge a crossing. Nakawaga [7] used a semi-structured survey to investigate accidents between a vehicle and pedestrians who were 65 years of age or older. The test group consisted of 18 elderly pedestrians, and most of them identified self-failure as the cause of the accident in which they were involved. In addition, the authors identified different classes of accidents based on four aspects: the type of self-regulation, the motivation of self-regulation, the cause of self-regulation failure, and the characteristics of the accident caused by self-regulation failure.



The interest in the safety of elderly pedestrians is also confirmed by the will of researchers to find an appropriate way to model the different characteristics of accidents involving this type of road user. Lee et al. [8] developed a negative binomial regression to model accident severity, i.e., the number of accidents with serious injuries or fatalities and the number of accidents with minor injuries. In [9], Kim used a multinomial logistic regression to predict the number of collisions per age group. The authors of [10] used a Bayesian logistic regression model to understand the main causes of fatal and serious injury crashes involving elderly pedestrians and a Bayesian network model to show the relationship between the identified significant factors and crash severity. The models identified vehicle maneuver, lighting conditions, road type, and shoulder type as being influential toward crash severity. Kamboozia et al. [11] focused on elderly pedestrian accidents on rural roads in Iran and compared the results of multiple logistic regression and multilevel perceptron in modeling pedestrian accident severity using 11 independent variables. The authors of [12] compared a fixed-parameter model and an ordered probit model with random parameters to model accident severity using a six-year accident database, and the ordered probit model with random parameters fitted better than the fixed-parameter model. Finally, a valuable work was also conducted by Alwari and Ali [13]: the authors developed a multiple linear regression model to determine the major causes leading to crashes and applied it to two time periods: from 1979 to 2000 and from 2010 to 2017. Interestingly, they noticed that while the greatest problem in the first period was the vehicle status (i.e., poor maintenance), during the second period the highest effect was due to pedestrians, confirming the need for further studies.



In this paper, the authors present the results of a statistical analysis based on a 10-year database of accidents involving elderly pedestrians. The accidents are first analyzed using general statistics to understand their characteristics. They are then tested for normality and, finally, an ordinal logistic model is chosen to model accident severity and to identify the most influential factors on traffic safety among the elderly.



For completeness, a general limitation is noted here. When examining accident data, especially pedestrian accident data, it should be noted that the reporting rate is quite high, as is frequently highlighted by [14]. Even if accidents are reported, the lack of information is an important issue. Thus, although the Slovenian national database on traffic accidents contains very detailed information, it should not be forgotten that these general biases might exist.




3. Methodology


This section is divided in two subsections: the first describes the database used for the analysis and explains the variables considered, while the second focuses on the theoretical basis of the statistical analyses and of the regression model proposed.



3.1. Data Collection


The data used for this study were obtained from the database of traffic collisions [15], which is managed by the Slovenian Traffic Safety Agency [16]. This database contains all information on traffic accidents recorded by the police from 1994 to the current year. The database is organized by accident, and for each accident, data on the time and place, its typology, road classification, and the road users involved in the accident are recorded. Data can be displayed interactively on the webpage of the Slovenian Traffic Agency [16] or can be downloaded as an .xls file. Table 1 provides an overview of the information and categories included in the database. For this analysis, data on crashes involving elderly pedestrians over the past 10 years (January 2012–December 2021) were considered. In addition, the analysis was not limited to specific locations: all data on national roads were considered. Before any further operation, it was necessary to preprocess all the data in order to obtain a standardized and uniform database on which the next statistical analysis could be performed.




3.2. Methods


Several analyses were conducted to understand the trend and problems in the safety of elderly pedestrians on the road. First, a statistical analysis of the accident database was developed to show the influence of various factors on the safety of elderly pedestrians. Normality tests were then conducted to gain an insight into the distribution of the data and to select the correct further analyses and models. Based on these findings, a regression model having crash severity as the response variable was developed and evaluated. In the following subsections, the theoretical fundamentals of each analysis are briefly explained.



3.2.1. Statistical Analysis of Elderly Pedestrian Accident Data


The first analysis developed aimed to determine which are the most repetitive conditions when it comes to accidents involving elderly pedestrians. To accomplish this goal, 13 factors were examined. First, the trend of accidents over the years was shown to highlight if the situation was improving or worsening over time; the hours of the day, days of the week, months, and seasons were also included in the analysis to understand if a common pattern could be identified. Light conditions were also considered, as well as weather and road conditions. In terms of location, the analysis looked at whether the crashes occurred primarily inside or outside the urban area, and at what specific location of the road infrastructure system. Finally, the cause, responsible user, and severity of the accidents were examined.



Normality tests are used to make assumptions about the distribution of data samples. Among the best-known methods for testing the data distribution is the Kolmogorov–Smirnov test [17]. This is a nonparametric test that compares an empirical distribution function of the sample under consideration with the cumulative distribution function of the same population [18].



Another way to test normality is the Anderson–Darling test [19]. This test has two main advantages over the well-known Kolmogorov–Smirnov test: it has good power and is very effective in detecting deviations from normality in the tails of the distribution [20].



Both methods are based on hypothesis testing: that is, they calculate a p-value that is compared with a selected critical α-value to assess whether the data sample does follow a certain distribution (in this study, it is the normal distribution). The null hypothesis is that the “data sample follows the defined distribution” and it is rejected if the p-value is less than the α-value.



In this study, both tests are used to determine if the data samples follow the normal distribution, with the critical α-value set at 0.05.




3.2.2. Regression Model


Based on the literature review of regression models for accident data [10,21,22,23,24,25,26], logistic regression was chosen as the modeling method. However, while most studies [10,23,24,25] on regression techniques applied to accident severity use logistic regression with a binary response variable (e.g., 0—nonfatal accidents, 1—fatal accidents), this study uses ordinal logistic regression to predict different levels of accident severity. Logistic regression can be based on different link functions. For the study of accident data, the logit function, i.e., the inverse of the logistic distribution, is the most widely used and is therefore examined in this research. The formula for identifying this link function is shown in (1):


  g  χ  = ln (   χ  1 − χ    )  



(1)




where χ indicates the cumulative probability of the response.



To determine whether the predictors have a significant effect on the selected response, the p-values are calculated and compared with a significance level of 0.05. If the p-values are below the significance level, there is a significant relationship between the predictors and the response.



Similarly, the fit of the model to the data is assessed using two summary statistics (p-values) based on the deviance residuals and Pearson’s method, respectively. If the p-value for these tests is greater than the selected significance level, then there is no evidence that the model does not fit the data. In addition, Somers’ D, Goodman–Kruskal Gamma, and Kendall’s Tau-a—measures of association based on concordant and discordant pairs and ties—are calculated. The higher these values, the better the model.






4. Results


Results are presented in the next three subsections, first as findings from the statistical analysis of elderly pedestrian accident data, then elaborating normality tests to assess the distribution followed by the data, and finally, by presenting the results and interpretation of the regression model.



4.1. Statistical Analysis of Elderly Pedestrian Accident Data


Among all the data recorded in the considered database, five different categories were considered: firstly, the trend over the years of accidents involving elderly pedestrians was analyzed; then the effect of time, road, and external conditions was taken into account; finally, the causes leading to crashes were highlighted.



4.1.1. Trend of Pedestrian Crash Data over the Years


The first factor considered in the analysis is the trend of pedestrian accidents over time. A 10-year period was used for the analyses, with Figure 1 showing a comparison of the trend for different age groups of pedestrians. Specifically, five age groups were considered: children, from 0 to 14 years; young pedestrians, from 15 to 24 years; young adults, from 25 to 44 years; adults, from 45 to 64 years; and elderly pedestrians, from 65 years. As shown in Figure 1, the total number of accidents among elderly pedestrians exceeds that of all other groups; only in 2012, 2013, and 2014 were the total number of accidents of adult pedestrians comparable to those of elderly pedestrians. Nevertheless, it should be noted that adults comprise a large portion of the walking population, as opposed to the elderly, who tend to move around less or to walk in safe areas due to their limited mobility. Focusing on Figure 1, the drop in the number of accidents in year 2020, and the following increase in 2021, should be noted. One reason for this rapid change that should be considered is the effect of the COVID-19 pandemic, which kept all people, but especially elderlies, at home. In percentage terms, 27% of all pedestrian crashes involve elderly pedestrians compared to 23% of adults, 19% of young adults, 16% of young people, and 15% of children (Figure 2).



In Figure 3, only fatal accidents are considered. Even with this accident severity, it can be observed that the two most critical groups of pedestrians are the elderly and adults. However, while adults saw a jump in the number of fatal accidents to 13 only in 2012, a pattern can be seen among the elderly, with very high accident numbers in 2013, 2015, 2016, and 2019.



In terms of percentage, Figure 4 shows a sharp increase in the involvement of elderlies in fatal accidents: from 2012 to 2013, there was a jump from 15.79% to 45%, with a generally constant trend in the following years. This trend above 45% was maintained for the whole analyzed period, though a slight decrease is observed in 2016, while a drop in fatal accidents involving the elderly occurred in 2018 and 2021, with 30.77% and 20% fatal accident rates, respectively.




4.1.2. Effect of Time on Elderly Pedestrian Crashes


This section analyses the effect of time on pedestrian accidents, considering the time of day, days of the week, months, and seasons. Figure 5 shows the trend of pedestrian accidents throughout the day, highlighting two peaks: one in the morning from 8.00 to 11.00 a.m. and one in the late afternoon from 4.00 to 7.00 p.m. This appears to be consistent with the times when elderly people are more likely to be out and about, typically in the early morning, when they normally fulfill their daily obligations (e.g., going to the market, visiting the doctor, etc.) and in the evening, when they usually prefer to go out for pleasant activities, such as a relaxing walk or a visit to see a friend. In addition, it can be noted that the entire period from 7.00 a.m. to 8.00 p.m. seems to be critical for elderly pedestrians, while the hours from 8.00 p.m. to 7.00 a.m. show a decreasing trend. Considering the days of the week, it can be observed (Figure 6) that accidents are more or less evenly distributed from Tuesday to Friday, while there is a sharp decrease on Saturdays and Sundays. As a matter of fact, it is usual for elderlies in Slovenia to mostly arrange their activities on days of the week, with a tendency to stay home on Saturdays and Sundays. Indeed, on Saturdays, there are crowds of working people visiting the markets and shops; therefore, elderlies try to avoid this day, while on Sundays, commercial activities are generally closed. Looking at the months, it is plausible that most accidents occur in December and January (Figure 7a), when external conditions are not optimal for the elderly; however, even in this case, there is a steady distribution of accidents across the months. Seasonal changes in accident data confirm the previous statement and show a higher percentage of accidents in autumn and winter (Figure 7b).




4.1.3. Effect of External Conditions


The external conditions examined were weather (Figure 8a) and light (Figure 8b) status. Interestingly, most accidents occur during daylight hours, which is consistent with the results of the previous sections and is confirmed by the need of elderlies to fulfill their daily activities during the day. Additionally, many elderly people are aware of their physical restraints and do not feel secure when being out during night hours. With regard to the weather, the majority of collisions occur when it is sunny (58.31% of all traffic accidents). After that, cloudy and rainy days are also critical for the elderly, with rates of 27.10% and 9.61%, respectively.




4.1.4. Effect of Road Conditions


Finally, the location and condition of the road are also evaluated. As can be supposed, the vast majority of accidents involving the elderly occur in urban areas (94.27%), as shown in Figure 9, while only 5.73% of accidents occur on rural roads. A more detailed analysis of the places where these types of accidents occur (Figure 10) shows that the majority occur at isolated crosswalks (11.96% of cases), parking lots (10.92%), and intersections (9.11%), indicating that the highest risk for the elderly is when there is a close interaction with the traffic flow and where they assume that pedestrians have the right of way. Finally, the condition of the road surface is also considered. In line with the previous findings that December and January are the most critical months for elderly pedestrians, and that sunny and cloudy weather most often leads to traffic accidents, Figure 11 shows that the road surface is mostly dry (72.75%) and in some cases wet (23.41%).




4.1.5. Analysis of the Causes of Pedestrian Crashes


One advantage of the database used as a starting point for this research is that it contains information about the causes that led to the accident, according to police reports. In this database, 11 categories are considered, namely, disconnections on the road, inappropriate speed, pedestrian error, disregard for the right-of-way rules, incorrect overtaking, unpredictable movements of the vehicle, wrong direction of travel, problems with the load, problems with the vehicle, inappropriate safety distance, and other unspecified causes. It can be seen from Figure 12 that the two causes that lead to most accidents involving elderly pedestrians are disregard for the right of way and unpredictable vehicle movements. Thanks to the help of the national police department, it was possible to further explain the two most common causes of elderly pedestrian accidents, i.e., disregard for the right of way and unpredictable vehicle movements. The first seems to be related to the lower sight and reaction abilities of elderly pedestrians, who probably did not notice the oncoming vehicle and started to cross when the vehicle was unable to safely brake. With regard to unpredictable vehicle movements, the major problems observed by the police agents are rear-driving and driving in parking areas. In these two occasions, indeed, there is bad reciprocal visibility, leading to a situation where at least one of the involved road users cannot see the interacting one. These two reasons are followed by other unspecified causes and pedestrian errors. Accordingly, in the majority of cases (87.55% of the accidents), elderly pedestrians are not the cause of the collisions but are the victims.





4.2. Normality Tests


As explained in Section 3.2.1, normality tests such as the Kolmogorov–Smirnov test and the Anderson–Darling test are applied to determine whether the data sample has a normal distribution. In this analysis, all aspects of traffic accidents that were generally analyzed in the previous section are considered. Table 2 summarizes the results for all factors and for both tests. As can be seen, both tests agree for all factors and have p-values less than the chosen α-value (0.05). Therefore, the null hypothesis that “the data follow a normal distribution” should be rejected. The results of these statistical tests were crucial for the research outcome, and together with the output typology, directly influenced the choice of model. Indeed, the chosen logistic regression model does not require many of the assumptions of the other model, with the more commonly used regression models especially attaching importance to normality.




4.3. The Regression Model and Its Interpretation


As mentioned in the Methodology section, ordinal logistic regression is proposed to model crash severity for elderly pedestrian accident data, with the aim of identifying significant factors that influence it.



The first step before building the regression model is to filter the data. As highlighted in Section 4.1 Statistical Analysis of Elderly Pedestrian Accident Data, many crashes were generally reported as occurring “on the road”. In many of these data, “other factors” were reported as the cause or the type of collision was identified as “other”. For this reason, they could not be considered sufficiently reliable and were deleted from the database to avoid unnecessary bias. In this way, a more restrained database of 745 collisions was used as input to the regression model. This filtered database was uploaded to the statistical software Minitab [27], which was used for further analyses.



The accident severity is the output of the model and it is treated as a categorical variable. To respond to the model’s needs, accident severity is classified into four categories, which correspond to the severity levels reported in the database: 0, without consequences; 2, with minor injuries; 3, with severe injuries; and 4, fatal accident. Of the 745 collisions considered, 25 were classified as level 0, 498 as level 2, 203 as level 3, and 19 as level 4. Thus, the model consists of three equations—the number of equations equals the number of response levels minus one—differing from each other by the equation constants. All equation constants are listed in Table 3 along with the coefficients for the other predictors, their p-values, and odds ratios. In summary, the ordinal logistic regression model is characterized by 17 predictors (in addition to the 13 already analyzed, gender, alcohol test and its score, and road surface material were also considered), which can be seen, together with their codification, in Table 3, with one response, and three equations. From Table 4, it can be seen that 5 of the 17 predictors have p-values below the significance level, meaning that they have a significant effect on severity. These predictors are: gender and age of the pedestrian involved, light conditions, cause of accident, and traffic conditions. This is an important finding; indeed, it highlights the specific factors that may significantly influence crash severity for the majority of the walking population, or that those factors that are supposed to influence (e.g., the month and the weather conditions) crash severity for elderly pedestrians do not play such a central role.



The “Coefficients” column indicates the coefficients of each predictor in the three model equations. The first equation contains a constant equal to const(1), i.e., 52.53, and all predictors, each with its corresponding coefficient. This equation gives the probability that the accident has no consequences. Similarly, the second equation is composed of const(2) (56.95) and the predictors with their coefficients, and predicts the probability that an accident will have no consequences or minor injuries. The last equation contains const(3) (59.84) in addition to the predictors and their coefficients, and it gives the probability that an accident will be without consequences, with minor or severe injuries.



To evaluate the fit of the regression model, the p-value calculated on the basis of the deviance residuals and Pearson statistics, matched, unmatched pairs and ties, and the measures of association are considered (Table 5).



The p-values calculated for the variance residuals and Pearson statistics are greater than the established significance level, which does not provide evidence that the model should not fit the data. In addition, a moderately high number of concordant pairs, 64.0%, were found, while little ties only represented 0.6%. These data show that the model has good predictive power, confirming the previous hypothesis. In addition, the measures of association are reasonably consistent, indicating that the model is not weak (Table 4). The Somer’s D and Goodman–Kruskal Gamma values are also close, which is consistent with the fact that there are few tied pairs.



The elements that allow interpretation of the regression model are the coefficients of the predictors and their odds values. The signs of the first indicates whether there is a positive or negative relationship between the predictor and the response. Considering the five predictors that have a significant influence, it can be said that the male gender has a greater probability of increasing accident severity, that people aged 65+ are more prone to severe accidents, and that these types of accidents are more likely to happen during the day and in traffic conditions that transition from infrequent to normal traffic. Finally, cause also has a positive coefficient, indicating that the model identifies the most important causes, which are classified in the database with a higher number, including disregarding the right-of-way rules and vehicle movements, as could be supposed from the results of Section 4.1. The odds ratios provide information on how likely it is that the collision has a high severity. Odds ratios greater than 1 indicate factors that increase severity. Among the five influential predictors, the cause of the collision and traffic conditions stand out with odds ratios of 1.13 and 1.35, respectively. Interestingly, pavement condition, weather conditions, month, and alcohol test also exacerbate collision outcomes, although they are not identified as significant from their p-values. This finding is also supported by the preceding statistical analysis.





5. Discussion


From the results of the ordinal logistic regression model, it can be concluded that five factors significantly influence accident severity among elderly pedestrians. Two of these factors—age and gender—are related to the individual, one is related to the external conditions (light), and two are related to the road and traffic, namely, the cause of the accident and traffic conditions.



Considering the results of the first analysis of the database, some more information can be disclosed about these factors. The months when most accidents occur are the winter ones, suggesting that external conditions—both the weather and road surface—are not ideal for older people. In addition, the elderly may find themselves in a riskier situation in such conditions, leading them to engage in behaviors of self-failure that are highlighted by [6]. In contrast to this finding, it was indicated that a large proportion of the accidents occurred during daylight hours. This is probably due in part to the fact that older people prefer to walk and perform all their routine tasks during the day. Similarly, a large proportion of accidents involving older pedestrians occur in urban areas, confirming the general trend in pedestrian accident data. These two findings underscore the need to introduce physical safety measures, which would work primarily under normal conditions and not only in exceptional cases.



The last two factors are more interesting: of all the causes of accidents recorded, 29% are due to vehicle movements, 28% to disregard for the right-of-way rules, and 11% to pedestrian errors. Firstly, it should be indicated at this point that in 16% of the recorded accidents, no clear cause of the accident was given, with the indication “other”. This fact confirms the problem of missing information that follows any accident database. Moreover, in the case of observance/misobservance of the right-of-way rules, it is not clear whether the fault was on the part of the pedestrian or the vehicle. Nevertheless, it can be noted that a relatively high percentage of accidents are due to an error on the part of the elderly, which again is consistent with the results of [6], and also the 28% from disregarding the right-of-way rules can lead to the assumption that an error on the part of the pedestrian was the basis of the accident. This aspect highlights the need for a clearer or better regulated right-of-way system for elderly pedestrians, where there is no doubt about which road user has priority. Finally, with regard to traffic, although 63% of accidents occur in normal traffic conditions, the percentages relating to infrequent (24%) and dense (13%) traffic should not be overlooked.



It is also interesting to note that many accidents involving the elderly occur at three possible locations on the road—intersections, isolated crosswalks, and parking lots. These locations are parts of the road where direct interaction between motorized and non-motorized traffic can be observed. In addition, when designing these locations, more attention is usually given to motorized traffic—consider the common arrangement of parking lots: although they should be laid out with special attention to pedestrians, the infrastructure designed for them is usually limited or non-existent.



Based on the highlighted factors, we can assume that countermeasures are needed to improve three aspects of road safety: first, older people’s walking skills, e.g., their ability to judge who has priority or whether it is safe or unsafe to cross the street; second, the consequences of external conditions, e.g., improving surface conditions in bad weather; and, finally, regulatory features, e.g., regulating the speed of motorized traffic at locations where pedestrians and vehicles are directly interacting.



Measures to Improve Elderlies’ Safety


As highlighted by the model’s results, two elements influencing pedestrians’ safety are their age and gender. A way to tackle these aspects, which are directly related to each individual, is to work on elderlies’ road safety education. Improving elderly pedestrians’ knowledge of the proper search behavior at the beginning of crossing the street to make sure the street is free of interacting vehicles, as well as giving them advice on how to manage their own physical abilities, which can differ from men to women, is a key element in improving their road safety. Special actions aimed at improving their safety and friendly public presentations promoting simple tricks, such as using light-colored clothing to be more visible to motorists, can have a positive impact on the safety of this group of road users. All these actions can improve the safety of this vulnerable group of pedestrians in all those conditions, when—at least, apparently—all external conditions are favorable to their safety (e.g., daylight, sunny weather, etc.).



Another aspect that has been highlighted as problematic by the research was the disrespect of the right of way. This aspect, together with two problematic locations identified by the previous analysis, i.e., isolated crosswalks and intersections, can be tackled by a proper road design: shorter distances to cross roads, splitter islands at long crossings, “zig-zag” crossings, and planning an ad hoc signal system can help elderlies recognize difficult road sections and be more cautious. An adequate number of traffic signs, good visibility of road markings and traffic signs, and large, easy-to-read text on signs are also elements that can attract the attention of older pedestrians and guide them to act properly. On the other side, lighted intersections and raised platforms at pedestrian crossings can help pedestrians to be more visible for vehicles entering the interacting area.



To improve pedestrian safety in the third problematic zone identified by the research, i.e., parking lots, various solutions have been proposed worldwide. Usually, they consist of channelizing pedestrian flow on specifically configurated zones of the parking lot. These zones can be divided by vehicular lanes only using horizontal signalization and pictograms, or by providing pedestrians with sidewalks physically separated by the rest of the road surface, leading them along the parking area until their destination. Finally, surfaces without holes and obstacles help prevent falls or look for evasive actions to avoid potential falls. Moreover, it should be considered that older people tire faster than younger ones. Therefore, they need places of rest that allow them to sit for a while and regain their strength. This could also have an effect of safety, as they will feel refreshed and will not have to hurry to their destination.



Finally, rainy weather and wet road surfaces have also been recognized as factors partially conditioning elderly pedestrian collisions. To improve these aspects, the design of a new pedestrian infrastructure or the reconstruction of an existing infrastructure can include the use of rough, non-slip material for the sidewalk, which increases the grip of shoes. Elements to assist older pedestrians, such as handrails, could also be useful in certain locations and conditions. Covered areas where they can wait in bad weather could also improve their status.





6. Conclusions


This article aims to draw attention to the road safety problem for elderly pedestrians and highlight the main factors that affect the safety of older people on the road. Between 2012 and 2021, a total of 1727 traffic accidents involving elderly pedestrians occurred in Slovenia, while 27% of all pedestrian fatalities involved older people. All these accidents were considered in the study and statistically analyzed to highlight dominant elements, with the aim of being able to propose efficient countermeasures. The results of this first statistical analysis highlighted that, differently to other pedestrian age categories, the collisions involving elderly people had a more or less steady trend over the years, with the exception of 2020, when a decrease was noticed, probably due to the first wave of the COVID-19 pandemic. Additionally, it was observed that many collisions happened during the day, which is understandable given the usual routine of elderly people, and during colder months (especially in autumn and winter). Moreover, three different urban locations were recognized as the most dangerous for older pedestrians: isolated crosswalks, intersections, and parking lots. Subsequently, an ordinal logistic regression model was proposed, which allowed finding a relationship between 17 collision factors and accident severity. This model found that 5 of the 17 considered patterns significantly affect the accident severity level when elderlies are involved. These are gender, age, light condition, cause, and traffic. At this point, a limitation of the study should be noted, namely, the extent of underreporting and misreporting of pedestrian collisions encountered in this research during the preparation of the dataset for the model, which led to a reduction in the input database for the regression model. Unfortunately, this is a problem that can greatly affect the results of an investigation but is very difficult to deal with, as has already been indicated by many eminent researchers [12,28].



Overall, it has been highlighted that three categories of factors can be identified that influence the safety of older people: personal characteristics, external factors, and characteristics of the collision. To deal with these factors and improve the safety of this group of vulnerable road users, three types of countermeasures have been proposed, which mainly fall into the first two of the so-called “3Es” of road safety: Engineering–Education–Enforcement. Recalling the proposed engineering measures, they are specifically focused on intersection improvements, pedestrian crossing design, and channelization in parking lots.



Finally, it should be noted that the developed research can be the starting point for many future works aimed at the improvement of elderly pedestrian safety. The identification of three particularly dangerous locations puts the basis for deeper analyses on elderly pedestrian behavioral patterns at these infrastructural points. In addition, it would be of particular interest to focus especially on different intersection typologies (e.g., signalized, unsignalized, and roundabout crossings) to understand if there is a direct correlation between the infrastructural characteristics and the frequency and severity of accidents. Taking into account the development of the regression model for this pedestrian age category, it would be interesting to develop a similar study for other age categories and to compare the influencing factors leading to higher crash severity for elderlies with the ones ruling the collisions of differently aged pedestrians.
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Figure 1. Trend of pedestrian crashes over the years for different age groups. 
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Figure 2. Rates of total crashes for different pedestrian age groups. 
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Figure 3. Comparison of fatal crash numbers over the years and for different pedestrian age groups. 
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Figure 4. Rate of fatal crashes involving elderly pedestrians over the years. 
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Figure 5. Trend of elderly crash data over the hours of the day. 
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Figure 6. Trend of elderly crash data over the days of the week. 
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Figure 7. (a) Trend of elderly crash data over the months of the year; (b) Seasonal trend of elderly pedestrian crashes. 
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Figure 8. (a) Rate of elderly pedestrian accidents in relation to weather conditions; (b) Rate of elderly pedestrian accidents in relation to light conditions. 
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Figure 9. Rate of elderly pedestrian accidents in relation to the area typology. 
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Figure 10. Comparison of road crash rates in relation to the location on the road. In the graph, the general location “road” (63.54%) is omitted. 
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Figure 11. Effect of road surface conditions on elderly pedestrian accidents. 
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Figure 12. Causes of elderly pedestrian accidents. 
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Table 1. Categories and information included in the Slovenian national database of accident data.






Table 1. Categories and information included in the Slovenian national database of accident data.











	Time and Location
	Crash
	Road
	Involved Users





	Statistical region
	Severity
	Classification
	Causer



	Municipality
	
	Pavement
	Type



	Date
	Typology
	Surface
	Age group



	Time
	
	Urban/Rural
	Gender



	Day
	
	Location within the road
	Nationality



	Day time
	Cause
	Road denomination
	Alcohol



	Weather
	
	Road identification number
	Drugs



	Traffic
	
	
	Number of involved users
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Table 2. Results of Anderson–Darling and Kolmogorov–Smirnov tests.
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Considered Factors

	
Anderson–Darling Test

	
Kolmogorov–Smirnov Test




	
AD

	
p-Value

	
KS

	
p-Value






	
Severity

	
209.241

	
<0.005

	
0.332

	
<0.010




	
Gender

	
340.518

	
<0.005

	
0.411

	
<0.010




	
Age

	
13.552

	
<0.005

	
0.078

	
<0.010




	
Alcohol test

	
314.026

	
<0.005

	
0.400

	
<0.010




	
Year

	
26.683

	
<0.005

	
0.112

	
<0.010




	
Light conditions

	
468.025

	
<0.005

	
0.495

	
<0.010




	
Days of the week

	
36.531

	
<0.005

	
0.133

	
<0.010




	
Urban/Rural area

	
616.498

	
<0.005

	
0.540

	
<0.010




	
Road location

	
188.900

	
<0.005

	
0.345

	
<0.010




	
Cause

	
60.239

	
<0.005

	
0.202

	
<0.010




	
Weather

	
268.844

	
<0.005

	
0.356

	
<0.010




	
Traffic conditions

	
156.062

	
<0.005

	
0.324

	
<0.010




	
Road surface condition

	
362.696

	
<0.005

	
0.412

	
<0.010
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Table 3. List of predictors, their typology, and codification.
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	Predictor
	Type
	Codification





	Responsible user
	Binary
	0-no; 1-yes



	Gender
	Binary
	0-male; 1-female



	Age
	Categorical
	1-children; 2-young; 3-young adults; 4-adults; 5-elderlies



	Alcohol test
	Binary
	0-no; 1-yes



	Alcohol result
	Categorical
	−1-no value; 0-no; 1-yes



	Year
	Categorical
	One category for each year from 2012 to 2021



	Month
	Categorical
	One category for each month



	Day
	Categorical
	0-Sunday; 1-Monday; 2 Tuesday; 3-Wednesday; 4-Thursday; 5-Friday; 6-Saturday



	Light conditions
	Binary
	0-night; 1-day



	Area
	Binary
	0-rural; 1-urban



	Location
	Categorical
	0-highway; 1-road; 2-rail stop; 3-walkway or cycling lane; 4-roundabout; 5-natural environment; 6-protected environment; 7-parking; 8-intersection; 9-tunnel; 10-train; 11-isolated crosswalk; 12-railway crossing



	Cause
	Categorical
	0-disconnections on the road; 1-unsuitable speed; 2-pedestrian mistake; 3-other; 4-disrespect of yielding rules; 5-incorrect overtaking; 6-vehicular motions; 7-incorrect driving direction; 8-problems in the load; 9-problems in the vehicle; 10-non-suitable safety distance



	Weather conditions
	Categorical
	0-sunny; 1-rainy; 2-fog; 3-unknown; 4-cloudy; 5-snow; 6-hail; 7-wind



	Traffic
	Categorical
	−2-traffic jam; −1-rare; 0-normal; 1-dense; 2-unknown



	Pavement
	Categorical
	10-course asphalt/concrete; 11-irregular asphalt/concrete; 12-smooth asphalt/concrete; 13-macadam



	Surface
	Categorical
	0-dry; 1-wet; 2-muddy; 3-other; 4-icy without pouring; 5-icy with pouring; 6-snowy-plowed; 7-snowy-not plowed; 8-slippery



	Crash type
	Categorical
	0-side-impact collision; 1-head-on collision; 2-rear-end collision; 3-sideswipe accident; 4-other; 5-run over pedestrian; 6-rollover accident; 7-run over animals; 8-crash into an object; 9-crash into a parked vehicle
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Table 4. Results of the ordinal logistic model.
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	Predictor
	Coefficient
	p-Value
	Odds Ratio





	Const(1)
	52.53
	0.513
	



	Const(2)
	56.95
	0.478
	



	Const(3)
	59.84
	0.456
	



	Responsible user
	−0.13
	0.634
	0.87



	Gender
	−0.46
	0.007
	0.63



	Age
	−0.03
	0.003
	0.97



	Alcohol test
	0.20
	0.558
	1.22



	Alcohol result
	−0.02
	0.951
	0.98



	Year
	−0.03
	0.502
	0.97



	Month
	0.02
	0.400
	1.02



	Day
	−0.03
	0.517
	0.97



	Light conditions
	0.84
	0.000
	2.32



	Area
	−0.36
	0.478
	0.70



	Location
	−0.01
	0.679
	0.99



	Cause
	0.12
	0.018
	1.13



	Weather conditions
	0.05
	0.216
	1.06



	Traffic
	0.29
	0.007
	1.35



	Pavement
	−0.04
	0.538
	0.96



	Surface
	0.04
	0.135
	1.04



	Crash type
	−0.06
	0.371
	0.94
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Table 5. Evaluation results.






Table 5. Evaluation results.





	
Deviance p-value

	
1.000




	
Pearson p-value

	
0.314




	
Concordant pairs

	
64.0%




	
Discordant pairs

	
35.4%




	
Ties

	
0.6%




	
Measures of association




	
Somer’s D

	
0.29




	
Goodman–Kruskal Gamma

	
0.29




	
Kendall’s Tau-a

	
0.14
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