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				Abstract

				Different authors have analyzed the occurrence of crashes involving vulnerable users, but most studies focus on pedestrians and cyclists. Few have explored the correlation between crash types and neglected another vulnerable user: motorcyclist. This article investigates the correlation between crashes involving pedestrians, cyclists, and motorcyclists at the area level in Costa Rica. Univariate and multivariate models using the Full Bayesian hierarchical approach were developed to relate crashes in the 489 districts between 2016 and 2022 with sociodemographic and exposure variables. Results showed that the multivariate model was more parsimonious, exhibiting lower posterior deviance and DIC compared to the univariate model, also the inclusion of multivariate random errors impacted both model fit and parameter estimates. Key variables like vehicle-kilometers, population, and proportion of households with vehicles showed significant improvements in their estimation parameters. Additionally, the multivariate model was better suited for estimating excess crash frequency. These findings can be very useful for future research exploring the correlation between these crash types, particularly at smaller scales like intersections or highway segments.
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				Resumen

				Diferentes autores han analizado el acontecimiento de choques viales que involucran a usuarios vulnerables, pero la mayoría de los estudios se enfocan en peatones y ciclistas. Pocos han explorado la correlación entre los tipos de accidentes y han descuidado a otro usuario vulnerable: el motociclista. Este artículo investiga la correlación entre los choques que involucran a peatones, ciclistas y motociclistas a nivel de área en Costa Rica. Se desarrollaron modelos univariados y multivariados utilizando el enfoque jerárquico bayesiano completo para relacionar los accidentes en los 489 distritos entre 2016 y 2022 con variables sociodemográficas y de exposición. Los resultados mostraron que el modelo multivariado fue más parsimonioso, exhibiendo una desviación posterior y un DIC más bajos en comparación con el modelo univariado, también la inclusión de errores aleatorios multivariados impactó tanto el ajuste del modelo como las estimaciones de los parámetros. Variables clave como los kilómetros recorridos por vehículo, la población y la proporción de hogares con vehículos mostraron mejoras significativas en sus parámetros de estimación. Además, el modelo multivariado fue más adecuado para estimar el exceso de frecuencia de accidentes. Estos hallazgos pueden ser muy útiles para futuras investigaciones que exploren la correlación entre estos tipos de accidentes, particularmente en escalas más pequeñas, como intersecciones o segmentos de carreteras.
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				I. INTRODUCtion

				According to data from the World Health Organization, each year about 1.35 million people perish in road crashes, of which around 28 % are motorcyclists, 23 % are pedestrians and 3 % are cyclists [1]. More than half of the road deaths in the world are vulnerable users. In Costa Rica, the numbers are even more alarming; from 2017 to 2021 motorcyclists represented 39.8 % of crash deaths, pedestrians 18.2 % and cyclists 7 % [2]. Only pedestrians were lower than the world average and the total for vulnerable users is more than 10 percent points higher. 

				Different crash types have different causes and countermeasures; therefore, there is a need to model crashes by type. However, in road safety analysis it is well known that crash types are correlated due to the existence of unobserved factors [3]-[6]. Consequently, multivariate models of crash counts have being proposed to control those unobserved factors [3]-[8]. Multivariate crash models by type of victim or travel mode are scarce and mostly limited to pedestrians and bicyclists [3]-[4], [6], [8]-[10]. In fact, to the knowledge of the authors, this is the first study that explicitly includes motorcyclists as vulnerable road users in a multivariate crash model by mode. 

				Motorcyclists are the most frequent victim of road crashes in several parts of the world, particularly in developing countries, and the proportion seems to be increasing. For example, in Colombia, in 2010 motorcyclists represented 39 % of the deaths from road crashes, and in 2012 this percentage rose to 42 % [11]. In Tanzania, from 2013 to 2016 the proportion of motorcycle crashes increased from 27 % to 51 % [12]. In Brazil, the number of motorcyclists fatalities increased from approximately 4500 (15 % of total fatalities) in 2001 to 15 000 (34 % of total fatalities) in 2011 [13]. Fatalities associated with motorcycle crashes in Ghana increased to around 17.9 % in 2015 from 2 % in 1995 [14]. In India, motorcycles account for the highest share in total accidents in 2018 (35.2 %), in the total number of persons killed (31.4 %) and in persons injured (32.7 %) [15].

				Throughout the years, there have been many studies that have used area-wide models to estimate the frequency and excess of road crashes [16]-[20]. Some of these studies have focused on specific populations, considered to be more vulnerable, such as pedestrians and cyclists [6], [8], [10], [21]-[22]. However, it cannot be overlooked that motorcyclists are the users who suffer the most traffic accidents in most parts of the world [11]. Motorcyclists do not have a frame to protect them in case of a crash, particularly against four-wheel vehicles; hence, they are clearly in a vulnerable position.

				The models presented by the different authors have considered the inclusion of demographic variables, such as the total population, population density, or the segregation of the inhabitants by different age ranges [6], [17], [21]-[30]. Also socioeconomic variables such as the average household income, poverty index or other similar ones [6], [17], [21], [23]-[24], [26], [28], variables associated with road infrastructure such as the presence and width of the shoulder, lane width, speed limit 

				[6], [23], [26], [31]-[34] and the level of exposure of the user such as vehicle-kilometers or vehicle-miles and the amount of travel time, distance walked [17], [21]-[26], [33]-[34] among others. These analyzes, in most cases, have been developed focusing on a specific type of user, whether pedestrians, cyclists, or motorcyclists. In these studies, the impact of the different variables considered in the crash estimation models was analyzed for each type of user, however, there are few studies in which the correlation between the different types of crashes has been considered.

				From the discussion it is evident that the problem of crashes for vulnerable users is increasing. Also, the need to use multivariate approaches to model crashes by mode or type of victim is clear. The purpose of this paper is to propose a multivariate model of crashes by mode of transportation or type of victim at area-level for Costa Rica. The remaining sections of this paper are as follows: a literature review is presented followed by the methodology section, then the data is introduced, next the results are presented and finally the conclusions and recommendations for future research are stated.

				II. LITERATURE REVIEW

				As mentioned before, several studies have explored crashes involving vulnerable road users, among them the study conducted by Chandran et al. [35], the authors analyzed traffic accidents in Brazil that focused on vulnerable system users. While this analysis did not involve the development of statistical models, its importance lies in the inclusion of motorcyclists as part of the vulnerable user group, which is generally comprised of only pedestrians and cyclists in most studies. The authors analyzed crash data in Brazil from 2000 to 2008 to determine mortality rates by user groups and by age range according to these groups. The authors found that pedestrian road deaths have not had a significant decline since 2000, while cyclist deaths have remained almost constant over the period analyzed. On the other hand, motorcyclist deaths are increasing steadily and worryingly, bringing the mortality ratio for vulnerable users to a value that exceeds 10 deaths per 100 000 inhabitants by 2018. 

				Considering studies that analyze crashes involving vulnerable road users through statistical models, Rifaat et al. [30] developed multinomial logit models to determine the relationship between different street patterns and pedestrian and cyclist crashworthiness. They used data on crashes in Calgary from 2003 to 2005 and variables such as demographics, environmental factors, driver characteristics, road characteristics, day of the week, and others. The study found that variables such as sex, season, and daylight were significant variables in the model, as well as that loop and lollipop street patterns had a higher incidence of crashes with non-fatal injuries. Two years later Narayanamoorthy et al. [28] developed models to analyze the number and severity of traffic crashes involving pedestrians and cyclists in Manhattan in 2009. The authors used multivariate models that considered land use, sociodemographic, 
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				mode of transportation, and other variables. They found that both sociodemographic and land use variables influence crash occurrence, and that dedicated infrastructure for vulnerable users is needed. They also emphasized the importance of considering spatial correlation and how using count multivariate models significantly improves results over using univariate models.

				Wang & Kockelman [22] developed a Poisson log-normal multivariate conditional auto-regressive model to estimate pedestrian crashes in Travis County, Texas, from 2007 to 2009. The model considered demographic, land use, and road network characteristics. The authors found that there is significant spatial correlation between crashes and that accounting for this correlation in the model significantly improves its performance.

				Machado et al. [27] conducted a study focused on vulnerable users, specifically pedestrians and cyclists. This study analyzed crashes that occurred in São Paulo, Brazil, and Rome, Italy, in 2012, with the goal of identifying areas with a high incidence of crashes. The authors used ordinary least squares models and spatial autoregressive lag models to determine the variables that contribute to crash occurrence, considering factors such as population density and trip generation hubs. The spatial autoregressive models that consider spatial correlation were found to perform better than the ordinary least squares models, but this improvement was not attributed to the consideration of this factor.

				Lee et al. [5] developed multivariate models considering crashes of motorized vehicles, pedestrians, and cyclists. For this, they used data from 1116 traffic analysis zones in three counties in Florida. The results obtained show that multivariate models have better results than univariate models, there being a correlation between the different types of crashes, this correlation being stronger between pedestrian and cyclist crashes. In turn, Nashad, T et al. [6] developed bivariate binomial negative models with a copula-based approach using data on pedestrian and cyclist crashes that occurred in Florida from 2010 to 2012. The research determined that the use of these models has better goodness of fit than other models as it incorporates the correlation existing between pedestrian crashes and cyclist crashes.

				Amoh-Gyimah et al. [36] conducted a comparison of different crash estimation methods, creating non-spatial negative binomial models, Poisson-Gamma-CAR models, and Random parameter negative binomial models. These models were compared to the two previous models to determine which one presented the best results. To develop these models, they considered socio-economic, demographic, land use, and exposure variables, as well as crash data for pedestrians and cyclists in the city of Melbourne from 2010 to 2012. The authors found that the Random parameter negative binomial model presented better results than its counterparts, because it considers not only spatial correlation but also unobserved heterogeneity that is not considered in the other models.

				Tasic et al. [21] built Generalized Additive Models to analyze the relationship between crashes involving both motor vehicles and pedestrians and cyclists. The models used data on crashes that occurred in Chicago from 2005 to 2012, as well as a 

				variety of socioeconomic, land use, multimodal infrastructure, and accessibility and connectivity variables. The authors incorporated spatial correlation between the study areas into their models and found that this factor has an impact on the models, but the impact differs depending on whether the severity of crashes or the total number of crashes is being analyzed.

				Heydari et al. [3] developed a flexible Bayesian multivariate model to be able to consider the correlation between the different types of accidents. The model considers a mixture of Dirichlet processes with the objective of maintaining the unrestricted dependency structure and relaxing the homogeneity assumptions. The model was applied to data on crashes for pedestrians and cyclists from 647 intersections in Montreal and it was determined that the developed model is not only capable of incorporating the effect of the correlation, but it also allows to improve the quality of the model's predictions and avoids overestimating the impact of the various variables on the outcome of it.

				Huang et al. [4] developed multivariate spatial models of crash frequency for urban intersections, considering crashes of motorized vehicles, pedestrians, and bicycles. The study considered data from 198 intersections in Hillsboroug County, Florida during the years 2005 to 2009, incorporating geometric, traffic control, and population variables. The study determined that the correlation between the types of crashes and the spatial correlation between intersections are both significant in the model and their incorporation improves the estimates of this. The study also points out that the spatial correlation between adjacent intersections is significantly different for motorized vehicle crashes compared to those involving pedestrians or cyclists.

				Another relevant research in the field corresponds to that conducted by Osama A et al. [8] who developed models for the estimation of crashes that involved pedestrians and cyclists in the city of Vancouver. The developed models correspond to multivariate Bayesian models and consider spatial correlation, along with the correlation between transportation modes. The results obtained show that the incorporation of the correlation between the different types of crashes (pedestrians and cyclists) provides better results than those models in which it was not incorporated.

				Cheng et al. [37] built three different full Bayesian Poisson lognormal based models to perform a multimodal crash analysis. The models considered variables such as population and miles traveled, in addition to the number of crashes involving motor vehicles, motorcycles, cyclists, and pedestrians during the years 2006 to 2013 in 58 counties in California. The first model developed was called linear time trend with linear spatiotemporal interaction, the second quadratic time trend with linear spatiotemporal interaction, and the third time-varying spatial, corresponding to a combination of the two previous ones. The results showed that the third model presented the best goodness of fit by considering unstructured correlation and spatial correlation, however, if it is punished for its complexity, it loses in comparison to other models. 

				Al-Mahameed et al. [24] developed models to estimate 
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				the relationship between crashes involving vulnerable users, specifically pedestrians and cyclists, with over 60 variables such as socioeconomic characteristics, road infrastructure characteristics, exposure, and others. They considered 200 one-mile corridors in Wisconsin and used data on crashes in the area from 2011 to 2015. The authors used Structural Equation Modeling to consider correlation between crash types by considering unobserved variables. The results showed that there is a negative relationship between the number of crashes and the presence of infrastructure dedicated to pedestrians or cyclists, such as bicycle lanes. There is also a positive correlation between the number of crashes and the level of exposure, but no further details were provided about the correlation between the types of crashes analyzed.

				Ding & Sze [25] created multivariate Poisson-lognormal models to estimate the frequency of crashes involving cyclists, specifically cyclist-cyclist and cyclist-motor vehicle crashes. They used data on crashes in London from 2018 to 2019 and information on land use, sociodemographic, and road network variables. The models also considered the correlation between the two types of crashes studied, finding that there is correlation between them, but no additional details were provided about their impact on the results of the models.

				It is possible to conclude that incorporation of correlation between different types of crashes is relevant as different studies have found that its incorporation improves the results of the different models. Nevertheless, while various authors have explored the impact of the correlation between crash types for different transportation modes, they have primarily focused on the correlation between pedestrian and cyclist crashes, or between these and crashes involving motorized vehicles in general. However, there is a significant gap in the correlation between pedestrian and cyclist crashes and crashes involving motorcyclists, even though the latter are also vulnerable users in the transportation system. 

				III. METHODOLOGY

				The Full Bayes hierarchical approach is used in this study to estimate the models. The response variable is the number of crashes by crash type in each road segment. The following discussion is based on the work by Aguero-Valverde [17].For the models, the number of crashes is Poisson distributed:

				(1)

				where yikt are the observed number of crashes in district i of the travel mode k at time t (in years), and θikt is the expected Poisson rate for district i of travel mode k at time t. The Poisson rate is modeled as a function of the covariates following a log-normal distribution as shown is Equation 2:

				(2)

				where β0k is the intercept for severity k, βkl is the coefficient 

				for l covariate and severity k, Xiktl is the value of the l covariate for district i of the travel mode k, at time t, vik are the heterogeneity random effects for each travel mode. These random effects capture the extra-Poisson heterogeneity among districts. 

				At the second stage, the coefficients (βkl), including the interceptions, are modeled using very non-informative Normal priors:

				Now, assuming that the random effects for each severity type are independent; the following prior distributions are proposed for the heterogeneity effects: 

				(4)

				where τk is the inverse of the variance for each severity k, also known as precision. The precision has a gamma prior:

				(5)

				with a mean of 10 and a variance of 10000, which makes this a very non-informative prior.

				For the multivariate model, correlated priors in the heterogeneity random effects vector are estimated using multivariate normal priors [33]:

				(6)

				where μi is a vector of zeroes μi = (0, 0, 0) and Σ is the variance-covariance matrix with a hyper-prior defined by:

				(7)

				where Σ _1 is a symmetric positive definite matrix, also known as the precision matrix, R is the scale matrix =

				and n is the degrees of freedom = 4.

				For ranking of sites the excess crash frequency is used, as proposed by Aguero-Valverde and Jovanis [38]:

				(8)

				Note that the first portion of the equation to the right of the equal sign represents the safety performance function for the district i of travel mode k at time t. The second part, which includes the random effects for each district, measures the relative 
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				yikt ~ Poisson (θikt)

			

		

		
			
				βkl ~ N(0, 1000)

			

		

		
			
				vik ~ N (0,τk–1), k = 1, … , 4

			

		

		
			
				τk ~ Gamma (0.01, 0.001), k = 1, … , 4

			

		

		
			
				vi ~MN (μi , Σ)

			

		

		
			
				Σ _1 ~ Wishart (R,n)

			

		

		
			
				
					log (θikt) = β0k +∑L  βkl Xiktl + vik + φik 
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				difference between the crash estimate in the site and the expected for similar sites. Hence, once the relative difference and the safety performance function are multiplied, the absolute difference or expected excess crash frequency is estimated.

				Two different goodness-of-fit measures are used for model comparison, posterior mean deviance (D- ) and Deviance Information Criterion (DIC). The posterior mean deviance can be taught as a Bayesian measure of fit or ‘adequacy’ meanwhile to account for model complexity the Deviance Information Criterion proposed by Spiegelhalter et al. [34] was used. DIC is considered the Bayesian equivalent of the Akaike Information Criterion (AIC) and is defined as an estimate of fit plus twice the effective number of parameters:

				(9)

				where D(θ- ) is the deviance evaluated at θ- , the posterior means of the parameters of interest, pD is the effective number of parameters in the model, and D-  is the posterior mean of the deviance statistic D(θ). As with AIC, models with lower DIC values are preferred. Using a guideline suggested by Spiegelhalter et al. [39] a difference of 7 or more points in the DIC is considered significant.

				III. DATA

				In the present study, the 489 districts of Costa Rica were analyzed, with the aim of building multivariate models, as well as univariate models, with the purpose of comparing their respective predictive performance. For this, sociodemographic, exposure, and the number of crashes by mode of transportation variables were used.

				A.	Crash Data

				The data corresponding to the crashes were obtained from the databases of the statistics department of the Road Safety Council (Cosevi) available on their website. The crashes with victims that occurred between the years 2016 to 2022, regardless of the severity of their injuries to those involved, were considered. The information was segregated according to the mode of transportation considering pedestrians, bicycles, motorcycles, and other types of vehicles. For the purposes of this article, those crashes that involved vehicles with pedestrians were considered as pedestrian, vehicles with bicycles as bicycle crashes, and vehicles with motorcycles as motorcycle crashes.

				B.	Sociodemographic Data

				As for the sociodemographic variables, data from the 2011 census carried out by the National Institute of Statistics and Censuses (INEC) for each of the districts was used. Variables such as total population, population density, proportion of urban population, poverty indicators, proportion of the population aged between 0-14 years, 15 to 24 years, 25 to 64 years, and over 65 years were considered.

				C.	Exposure Data

				The amount of daily vehicle kilometers traveled (DVKT) was considered as exposure variable, which was determined through the statistical yearbooks of vehicle technical inspection for the corresponding years. The proportion of households with vehicle ownership and the proportion of households with motorcycle ownership obtained from the 2011 census were also considered as exposure variables. Table 1 shows the descriptive statistics of the variables previously described.

			

		

		
			
				TABLE 1. DESCRIPTIVE STATISTICS

			

		

		
			
				
					Variable

				

				
					Mean

				

				
					Std.Dv.

				

				
					Median

				

				
					Maximum

				

				
					Minimum

				

				
					CV

				

				
					Pedestrian Crashes 

				

				
					25,84

				

				
					46,86

				

				
					9,5

				

				
					408

				

				
					0

				

				
					1,81

				

				
					Bicycle Crashes 

				

				
					11,54

				

				
					21,01

				

				
					4

				

				
					177

				

				
					0

				

				
					1,82

				

				
					Motorcycles Crashes

				

				
					97,58

				

				
					154,36

				

				
					41,5

				

				
					1095,00

				

				
					0

				

				
					1,58

				

				
					Other Vehicles Crashes

				

				
					86,11

				

				
					120,56

				

				
					39

				

				
					932

				

				
					0

				

				
					1,4

				

				
					Total crashes

				

				
					221,08

				

				
					324,17

				

				
					104

				

				
					2437

				

				
					0

				

				
					1,47

				

				
					DVKT

				

				
					68 685,13

				

				
					91 306,44

				

				
					35 461,95

				

				
					769 637,90

				

				
					10

				

				
					1,33

				

				
					Total Population

				

				
					9963,72

				

				
					10 539,20

				

				
					6585,00

				

				
					85 101,00

				

				
					346

				

				
					1,06

				

				
					Population Density (/km2)

				

				
					1312,17

				

				
					2722,62

				

				
					121,35

				

				
					26 268,49

				

				
					2,68

				

				
					2,07

				

				
					Population Density (/ha)

				

				
					12,78

				

				
					26,51

				

				
					1,17

				

				
					241,74

				

				
					0,03

				

				
					2,08

				

				
					Urban population (proportion)

				

				
					0,52

				

				
					0,38

				

				
					0,5

				

				
					1

				

				
					0

				

				
					0,73

				

				
					Poverty indicator (proportion)

				

				
					0,23

				

				
					0,08

				

				
					0,22

				

				
					0,06

				

				
					0,55

				

				
					0,35

				

				
					Population 0-14 years (proportion)

				

				
					0,25

				

				
					0,04

				

				
					0,25

				

				
					0,45

				

				
					0,1

				

				
					0,17

				

			

		

		
			
				DIC = D (θ- )+2pD=D- +pD
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				V. RESULTS

				Table 2 shows the Goodness-of-fit measures for the univariate and multivariate models. The data shows that the multivariate model has a posterior mean deviance 80 points lower than the univariate model. Furthermore, the DIC for the multivariate model is 240 points lower than the univariate counterpart. From the results is evident that the multivariate model is a more parsimonious model, since the posterior deviance and the DIC are significantly lower than the univariate model. Moreover, the effective number of parameters (pD) is 153 points lower for the multivariate estimate. By explicitly modeling the correlation between travel mode, multivariate random error models benefit from “pooling strength” among crash types, reducing effective number of parameters.

				Now, the inclusion of multivariate random errors affected not only the goodness-of-fit of the models, but also affected the estimation of parameters, as shown in Table 3. The coefficients for vehicle-kilometer and population, the most important exposure variables, changed from the univariate to the multivariate model, particularly for pedestrians, the former decreased from 0.19 to 0.07. This decrease of more than 0.11 points is statistically significant. The decrease in the coefficient for vehicle-kilometer is shown across the travel modes. For cyclists, the coefficient drops from 0.27 to 0.15, for motorcyclists drops from 0.22 to 0.15 and for other vehicles changes from 0.29 to 0.25, this being the smallest proportional change. Interestingly, the multivariate model has the reverse effect on the population coefficient, i.e., they are larger for the multivariate model compared to the univariate version, but the difference is smaller than in the case of vehicle-kilometer.

			

		

		
			
				TABLE 2. GOODNESS-OF-FIT STATISTICS FOR THE MODELS

			

		

		
			
				
					Variable

				

				
					Mean

				

				
					Std.Dv.

				

				
					Median

				

				
					Maximum

				

				
					Minimum

				

				
					CV

				

				
					Population 15-24 years (proportion)

				

				
					0,19

				

				
					0,02

				

				
					0,19

				

				
					0,3

				

				
					0,14

				

				
					0,09

				

				
					Population 24-64 years (proportion)

				

				
					0,48

				

				
					0,04

				

				
					0,48

				

				
					0,57

				

				
					0,31

				

				
					0,08

				

				
					Population older than 65 years (proportion)

				

				
					0,07

				

				
					0,02

				

				
					0,07

				

				
					0,22

				

				
					0,03

				

				
					0,33

				

				
					Vehicle (Proportion)

				

				
					0,14

				

				
					0,07

				

				
					0,12

				

				
					0,42

				

				
					0,02

				

				
					0,49

				

				
					Motorcycle (Proportion)

				

				
					0,11

				

				
					0,05

				

				
					0,1

				

				
					0,3

				

				
					0,02

				

				
					0,45

				

			

		

		
			
				
					Model

				

				
					D- 

				

				
					D(θ- )

				

				
					DIC

				

				
					pD

				

				
					Univariate

				

				
					48 310

				

				
					46 870

				

				
					49 760

				

				
					1445

				

				
					Multivariate

				

				
					48 230

				

				
					46 940

				

				
					49 520

				

				
					1292

				

			

		

		
			
				TABLE 3. MULTIVARIATE AND UNIVARIATE MODELS RESULTS

			

		

		
			
				
					Variable

				

				
					Multivariate model

				

				
					Univariate model

				

				
					Estimate

				

				
					Standard Error

				

				
					MC Error

				

				
					Estimate

				

				
					Standard Error

				

				
					MC Error

				

				
					Pedestrians

				

				
					Intercept

				

				
					-11,29

				

				
					0,4228

				

				
					0,0118

				

				
					-11,62

				

				
					0,4337

				

				
					0,0069

				

				
					log(vehicle-km)

				

				
					0,0657

				

				
					0,0227

				

				
					0,0004

				

				
					0,1909

				

				
					0,0241

				

				
					0,0003

				

				
					log(population)

				

				
					1,192

				

				
					0,0503

				

				
					0,0014

				

				
					1,086

				

				
					0,0512

				

				
					0,0008

				

				
					Population density (/ha)

				

				
					-0,0015

				

				
					0,0014

				

				
					0

				

				
					0,0012

				

				
					0,0013

				

				
					0

				

				
					Urban population (%)

				

				
					0,3626

				

				
					0,1349

				

				
					0,0034

				

				
					0,2788

				

				
					0,1303

				

				
					0,0015

				

				
					Persons older than 65 (%)

				

				
					12,44

				

				
					1,401

				

				
					0,0462

				

				
					11,1

				

				
					1,377

				

				
					0,0265

				

				
					Vehicles proportion (%)

				

				
					-10,33

				

				
					3,414

				

				
					0,0745

				

				
					-9,233

				

				
					3,497

				

				
					0,0384

				

				
					Motorcycles proportion (%)

				

				
					7,594

				

				
					4,24

				

				
					0,0955

				

				
					6,969

				

				
					4,322

				

				
					0,0496
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				Note: Gray rows are non-significant variables at 95%

			

		

		
			
				
					Variable

				

				
					Multivariate model

				

				
					Univariate model

				

				
					Estimate

				

				
					Standard Error

				

				
					MC Error

				

				
					Estimate

				

				
					Standard Error

				

				
					MC Error

				

				
					Time constant

				

				
					0,0021

				

				
					0,0053

				

				
					0

				

				
					0,0029

				

				
					0,0053

				

				
					0

				

				
					Cyclists

				

				
					Intercept

				

				
					-13,95

				

				
					0,6425

				

				
					0,0147

				

				
					-14,13

				

				
					0,651

				

				
					0,0104

				

				
					log(vehicle-km)

				

				
					0,1499

				

				
					0,0389

				

				
					0,0006

				

				
					0,2732

				

				
					0,037

				

				
					0,0004

				

				
					log(population)

				

				
					1,337

				

				
					0,0765

				

				
					0,0018

				

				
					1,219

				

				
					0,0756

				

				
					0,0012

				

				
					Population density (/ha)

				

				
					-0,0137

				

				
					0,0021

				

				
					0,0001

				

				
					-0,0112

				

				
					0,002

				

				
					0

				

				
					Urban population (%)

				

				
					0,4965

				

				
					0,1972

				

				
					0,0043

				

				
					0,4388

				

				
					0,1901

				

				
					0,0026

				

				
					Persons older than 65 (%)

				

				
					8,033

				

				
					2,051

				

				
					0,056

				

				
					6,923

				

				
					1,982

				

				
					0,0319

				

				
					Vehicles proportion (%)

				

				
					-2,229

				

				
					5,01

				

				
					0,0963

				

				
					1,635

				

				
					4,96

				

				
					0,0655

				

				
					Motorcycles proportion (%)

				

				
					-2,614

				

				
					6,215

				

				
					0,1226

				

				
					-6,913

				

				
					6,178

				

				
					0,0834

				

				
					Time constant

				

				
					0,0085

				

				
					0,0079

				

				
					0

				

				
					0,0094

				

				
					0,0079

				

				
					0

				

				
					Motorcyclists

				

				
					Intercept

				

				
					-10,74

				

				
					0,3863

				

				
					0,0131

				

				
					-10,69

				

				
					0,376

				

				
					0,0106

				

				
					log(vehicle-km)

				

				
					0,1438

				

				
					0,0185

				

				
					0,0004

				

				
					0,2193

				

				
					0,0186

				

				
					0,0003

				

				
					log(population)

				

				
					1,105

				

				
					0,0458

				

				
					0,0016

				

				
					1,022

				

				
					0,0449

				

				
					0,0012

				

				
					Population density (/ha)

				

				
					-0,0018

				

				
					0,0014

				

				
					0,0001

				

				
					0,0003

				

				
					0,0013

				

				
					0

				

				
					Urban population (%)

				

				
					0,2946

				

				
					0,1255

				

				
					0,0039

				

				
					0,2127

				

				
					0,1183

				

				
					0,0028

				

				
					Persons older than 65 (%)

				

				
					11,55

				

				
					1,354

				

				
					0,0526

				

				
					10,44

				

				
					1,303

				

				
					0,0407

				

				
					Vehicles proportion (%)

				

				
					3,511

				

				
					2,837

				

				
					0,0826

				

				
					4,495

				

				
					2,738

				

				
					0,0563

				

				
					Motorcycles proportion (%)

				

				
					-3,394

				

				
					3,603

				

				
					0,107

				

				
					-4,536

				

				
					3,461

				

				
					0,0722

				

				
					Time constant

				

				
					0,1043

				

				
					0,0028

				

				
					0

				

				
					0,1048

				

				
					0,0028

				

				
					0

				

				
					Other vehicles

				

				
					Intercept

				

				
					-8,103

				

				
					0,4456

				

				
					0,0156

				

				
					-7,939

				

				
					0,4335

				

				
					0,013

				

				
					log(vehicle-km)

				

				
					0,2464

				

				
					0,0212

				

				
					0,0005

				

				
					0,286

				

				
					0,0215

				

				
					0,0004

				

				
					log(population)

				

				
					0,8183

				

				
					0,0535

				

				
					0,0019

				

				
					0,7621

				

				
					0,0526

				

				
					0,0016

				

				
					Population density (/ha)

				

				
					-0,0066

				

				
					0,0016

				

				
					0,0001

				

				
					-0,0051

				

				
					0,0016

				

				
					0,0001

				

				
					Urban population (%)

				

				
					-0,0754

				

				
					0,1436

				

				
					0,0046

				

				
					-0,1211

				

				
					0,1393

				

				
					0,0037

				

				
					Persons older than 65 (%)

				

				
					10,89

				

				
					1,565

				

				
					0,0611

				

				
					10,2

				

				
					1,548

				

				
					0,0529

				

				
					Vehicles proportion (%)

				

				
					2,678

				

				
					3,263

				

				
					0,0976

				

				
					2,686

				

				
					3,132

				

				
					0,0717

				

				
					Motorcycles proportion (%)

				

				
					-8,811

				

				
					4,133

				

				
					0,1254

				

				
					-8,963

				

				
					3,993

				

				
					0,0929

				

				
					Time constant

				

				
					0,0582

				

				
					0,0029

				

				
					0

				

				
					0,0585

				

				
					0,003

				

				
					0
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				The variable population density is significant and negative for cyclists and other vehicles. On the other hand, the effect of the percentage of urban population is significant and positive for all the vulnerable road users. The percentage of people older than 65 is also positive and significant for all the travel modes. This is important since older users are clearly a vulnerable population. The proportion of households with vehicles is significant and negative only for pedestrians. Decreasing the proportion of vehicles means that more families rely on transit or walking for their trips; hence, higher exposure and more pedestrian crashes. Interestingly, the proportion of motorcycles per household is not significant for motorcycle crashes but is significant and negative for other vehicle crashes. Finally, after accounting for general exposure, the two modes of travel that are significantly increasing 

				over time are motorcyclists and other vehicles. The increase rate is significantly bigger for motorcyclists than for other vehicles since the coefficient is 0.10 for the former compared to 0.06 for the latter. 

				Table 4.a presents the variance of the univariate heterogeneity error terms (σk2 ) and the variance-covariance and the correlation for the multivariate error terms. Comparing the mean values for the variance in the first part of the table with the diagonal in the Variance-Covariance matrix is evident that the univariate model underestimates the variance in the error term since the values are between 10 % to 25 % lower. In terms of correlation on the error terms, the highest correlation is between pedestrians and motorclyclists with a value of 0.84, followed by the correlation between motorcyclists and other vehicles with a value of 0.73. 

			

		

		
			
				TABLE 4.A UNIVARIATE MODEL VARIANCE

			

		

		
			
				
					Mean

				

				
					Std.Dv.

				

				
					σ 2 pedestrian

				

				
					0,270

				

				
					0,027

				

				
					σ 2 cyclist

				

				
					0,530

				

				
					0,056

				

				
					σ 2 motorcyclist

				

				
					0,320

				

				
					0,026

				

				
					σ 2 other vehicles

				

				
					0,456

				

				
					0,038

				

			

		

		
			
				TABLE 4.B VARIANCE-COVARIANCE/ CORRELATION MATRIX

			

		

		
			
				
					 

				

				
					Pedestrian

				

				
					Cyclist

				

				
					Motorcyclist

				

				
					Other

				

				
					Pedestrian

				

				
					0,341(0.035)

				

				
					0,291(0.039)

				

				
					0,302(0.029)

				

				
					0,267(0.031)

				

				
					Cyclist

				

				
					0,627(0.046)

				

				
					0,629(0.069)

				

				
					0,306(0.039)

				

				
					0,261(0.044)

				

				
					Motorcyclist

				

				
					0,840(0.023)

				

				
					0,627(0.044)

				

				
					0,378(0.032)

				

				
					0,316(0.031)

				

				
					Other vehicles

				

				
					0,647(0.042)

				

				
					0,464(0.059)

				

				
					0,727(0.029)

				

				
					0,500(0.042)

				

			

		

		
			
				Note: Gray cells indicate the correlation. Standard deviation in parenthesis.

			

		

		
			
				Table 5 presents the top 25 districts according to the excess crash frequency for pedestrians. The top 5 districts are the same for both models but after that the other 20 districts are completely different. This clearly demonstrates the importance of using 

				multivariate models to estimate the excess crash frequency since the results of the rankings are significantly different, which may induce errors on decision making for allocating resources. Figure 1 shows the map of expected excess crash frequency for pedestrians. 
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					District

				

				
					Multivariate Model

				

				
					Univariate Model

				

				
					Rank

				

				
					Mean

				

				
					S.D.

				

				
					Rank

				

				
					Mean

				

				
					S.D.

				

				
					Hospital

				

				
					1

				

				
					52,2

				

				
					3,4

				

				
					1

				

				
					51,1

				

				
					3,5

				

				
					Merced

				

				
					2

				

				
					30,8

				

				
					2,5

				

				
					2

				

				
					31,8

				

				
					2,6

				

				
					Catedral

				

				
					3

				

				
					30,2

				

				
					3,1

				

				
					3

				

				
					28,9

				

				
					3,2

				

				
					Alajuela

				

				
					4

				

				
					23,9

				

				
					4,6

				

				
					4

				

				
					24,0

				

				
					4,7

				

				
					Heredia

				

				
					5

				

				
					21,3

				

				
					3,4

				

				
					5

				

				
					20,7

				

				
					3,5

				

				
					Desamparados

				

				
					6

				

				
					17,8

				

				
					3,1

				

				
					7

				

				
					14,5

				

				
					3,3

				

				
					San Isidro de El General

				

				
					7

				

				
					15,2

				

				
					3,0

				

				
					6

				

				
					17,1

				

				
					2,9

				

				
					Uruca

				

				
					8

				

				
					12,6

				

				
					2,7

				

				
					16

				

				
					7,1

				

				
					3,0

				

				
					El Carmen

				

				
					9

				

				
					12,4

				

				
					2,1

				

				
					8

				

				
					13,5

				

				
					2,1

				

				
					Ulloa

				

				
					10

				

				
					10,7

				

				
					2,1

				

				
					13

				

				
					7,9

				

				
					2,2

				

				
					Guápiles

				

				
					11

				

				
					10,5

				

				
					2,2

				

				
					10

				

				
					9,2

				

				
					2,2

				

				
					San Antonio

				

				
					12

				

				
					10,5

				

				
					2,0

				

				
					11

				

				
					8,9

				

				
					2,0

				

				
					Oriental

				

				
					13

				

				
					9,7

				

				
					2,5

				

				
					9

				

				
					10,3

				

				
					2,5

				

				
					Río Segundo

				

				
					14

				

				
					9,4

				

				
					1,6

				

				
					15

				

				
					7,6

				

				
					1,6

				

				
					Puerto Viejo

				

				
					15

				

				
					8,2

				

				
					1,4

				

				
					14

				

				
					7,7

				

				
					1,4

				

				
					San Rafael

				

				
					16

				

				
					7,6

				

				
					2,3

				

				
					28

				

				
					4,2

				

				
					2,6

				

				
					San Ramón

				

				
					17

				

				
					7,5

				

				
					1,7

				

				
					12

				

				
					8,2

				

				
					1,7

				

				
					Las Horquetas

				

				
					18

				

				
					6,8

				

				
					1,4

				

				
					19

				

				
					5,8

				

				
					1,5

				

				
					Occidental

				

				
					19

				

				
					5,5

				

				
					1,7

				

				
					21

				

				
					5,6

				

				
					1,7

				

				
					Pozos

				

				
					20

				

				
					5,3

				

				
					1,4

				

				
					33

				

				
					3,8

				

				
					1,4

				

				
					San Miguel

				

				
					21

				

				
					5,1

				

				
					2,0

				

				
					18

				

				
					6,2

				

				
					2,0

				

				
					Turrialba

				

				
					22

				

				
					5,0

				

				
					2,2

				

				
					17

				

				
					6,9

				

				
					2,2

				

				
					Jacó

				

				
					23

				

				
					4,9

				

				
					1,1

				

				
					26

				

				
					4,2

				

				
					1,2

				

				
					Llanos de Santa Lucía

				

				
					24

				

				
					4,7

				

				
					1,3

				

				
					22

				

				
					5,3

				

				
					1,3

				

				
					Santiago

				

				
					25

				

				
					4,7

				

				
					1,1

				

				
					23

				

				
					5,1

				

				
					1,2

				

			

		

		
			
				TABLE 5. TOP 25 DISTRICTS ACCORDING TO THE EXCESS CRASH FREQUENCY FOR PEDESTRIANS
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				Fig 1. Expected Excess Crash Frequency per District for Pedestrians.
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				VI. CONCLUSIONS AND RECOMMENDATIONS FOR FUTURE RESEARCH

				The multivariate model of crashes for travel mode is statistically superior to the univariate counterpart. Using multivariate error terms significantly improves estimates for crashes of travel modes with smaller expected values, in this case particularly for pedestrians and cyclists. 

				Multivariate models significantly improve coefficient estimates for important variables such as vehicle-kilometer, population, proportion of households with vehicles and others. The change on coefficient estimates is more pronounced in the variables vehicle-kilometer and percentage of urban population. 

				The univariate model underestimates the variance in the error terms, which might induce researchers to incorrect conclusions. The multivariate model better estimates the error terms by explicitly modeling the correlation between vulnerable modes of travel due to the unmeasured confounders.

				Multivariate models improve the estimation of the excess crash frequency which is particularly useful for vulnerable road users. Better excess crash estimation is essential for raking of sites for improvements. 

				Future avenues of research include the use of multivariate errors to model vulnerable road user crashes at smaller spatial units such as highway segments or intersections. Further, multivariate spatial models can be explored in those scales. 
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