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Abstract 

Traffic crashes are among the major cause of fatalities in most developing countries. A lack of a 

centralized historical crash database impedes the efforts to perform large-scale studies to 

understand the causes of crashes. However, the information for most major crashes are normally 

shared on social media. Therefore, this study used social media posts to extract information 

related to head-on and run-off roadway (ROR) crashes that occurred between 2010 and 2020. A 

total of 661 crashes were collected, which included 409 head-on and 252 ROR crashes. 

Geographical Information System (GIS) applications and multinomial logit models were 

developed to understand the spatial distribution of crashes and the resulting severity. It was 

found that the spatial distribution of crashes differs significantly by type and severity. Head-on 

collisions were predominant in two eastern regions, while ROR collisions appeared to spread on 

a large scale across the entire country. The pattern of fatal collision includes one southern region 

in addition to the two Eastern regions. Conversely, the pattern of non-injury crashes shows 

predominance along the coastal area. The Multinomial model results showed that speeding was 

two times more likely to result in fatalities for ROR crashes. Crashes in rural areas were about 

two times more likely to be fatal, given that they were head-on collisions. Further, bus-involved 

crashes were less likely to result in injuries. The implications of these study findings to the 

practitioners are discussed. 

Keywords: Head-on and ROR crashes, social media, crash severities. 

1. Background 

Traffic crashes is the largest single cause of death for people aged between 5-29 years Worldwide. 

Most of the low- and middle-income countries located in Africa are severely affected by traffic 

crash fatalities. Statistics show that 93% of all fatalities occur in low and middle-income 

countries, which have only 60% of the total number of vehicles worldwide (WHO 2021). Among 

the cited reasons for the higher fatalities are poor visibility and visual guidance along the road 

(Ackaah, Apuseyine, and Afukaar 2020; Adanu et al. 2020; Gainewe and Masangu 2010). Road 

conditions, environmental conditions (Abdulrahman, Ibrahim, and Rogo Usman 2020; Adanu et 

file:///E:/mbattageo@gmail.com


Journal of Safety Studies 

ISSN 2377-3219 

2022, Vol. 7, No. 1 

29 

 

al. 2020; Gainewe and Masangu 2010), and traffic-related factors (Gainewe and Masangu 2010; 

Muguro et al. 2020) have also been linked to fatalities. A study by Adanu et al. (2020) in 

Namibia that covered five years of crash data revealed that high occupancy passenger vehicles 

were associated with fatalities and severe injuries. Another South African-based study (Gainewe 

and Masangu 2010) revealed that speeding, unsafe overtaking, and slippery roads were the 

leading cause of fatal crashes.  

Despite the higher fatalities, a relatively low number of traffic safety studies originate in 

developing countries, especially those in Africa, compared to other developing countries. For a 

country like Tanzania, even fewer nationwide studies are available (Boniface et al. 2016; Chiduo 

and Minja 2001). Most available studies are either corridor-based or focus on a specific region or 

location (Salum et al. 2019; Zimmerman et al. 2015). One of the reasons for the lack of 

large-scale studies is the difficulty in obtaining nationwide data from authorities. Until recently, 

Tanzania did not have a centralized database storing crash data from all regions (RAIS 2021). 

Before introducing the Road accident information system (RAIS), researchers who wanted to 

perform traffic safety studies would need to travel across all regions to collect crash data. Even 

with the presence of RAIS, the past decade’s historical crash data are unavailable as the system 

started storing data in recent years. 

Previous studies have indicated that head-on collisions and ROR crashes are common in most 

African countries (Abdulrahman et al. 2020; Adanu et al. 2020; Gainewe and Masangu 2010), 

including Tanzania. For instance, Francis et al. (2021) revealed that about 15% of crashes were 

head-on collisions. Another study by Salum et al. (2019) showed that 20 % of all 

vehicle-motorcycle crashes in Dar es Salaam, Tanzania, were head-on collisions. In South Africa, 

head-on collisions ranged between 8% and 11% between 2005 and 2009 (Gainewe and Masangu 

2010). The same crash type was mentioned as one of the predominant in Kenya (Muguro et al. 

2020) between 2015 and 2020. Likewise, the ROR crashes were reported in several studies in 

Tanzania. Kenya, South Africa, and Namibia, among other countries (Adanu et al. 2020; Muguro 

et al. 2020; Salum et al. 2019). The higher proportion of ROR and head-on crashes is associated 

with the roadway geometry across African countries. For instance, in Tanzania, most roads, 

especially in rural areas, are two-way, two-lane undivided roadways that increase the chance of 

head-on collisions. Further, the lack of wide shoulders and clearance zone increases the chance 

of run-off-roadway (ROR) crashes.  

Although most developing countries lack a centralized database that stores crash data, crash data 

are normally shared through social media and stored in the cloud. Further, the rapid increase of 

the internet spread across developing countries, including Tanzania, has enabled millions of 

people to own mobile cell phones that can access the internet. For instance, mobile phone owners 

in Tanzania grew from 115,000 in 2000 to 23.14 million in 2020 (Ng’wanakilala 2019). 

Currently, about six out of ten Tanzanians do own a smartphone. Such an increase in smartphone 

owners has coupled with the number of people owning social media accounts. Most of these 

accounts are used to share various information, including severe vehicular crashes.  

Several previous studies have used social media data (Ghandour et al. 2020; Ghandour, 

Hammoud, and Telesca 2019; Gu, Qian, and Chen 2016; Kutela, Magehema, et al. 2022; Zhang 

et al. 2018). For instance, Zhang et al. (2018) applied deep learning to detect traffic accidents 

from social media data in two metropolitan areas: Northern Virginia and New York City. Gu et al. 
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(2016) presented a methodology to extract publicly available tweets for free for traffic incident 

identification. Further, Ghandour et al. (2019) studied the spatial-clustering behavior and hazard 

vulnerability of car accidents in Lebanon between 2015 and 2018 using social media data. 

Additionally, Ghandour et al. (2020) proposed a real-time online platform to collect crash events 

from social media.  

Irrespective of the origin and type of crashes, ordered and unordered models have predominantly 

been used to model the severities. A study by Saleem, Al-bdairi, and Hernandez (2020) used the 

latent class ordered probit models with two classes to investigate the effect of area type (urban vs. 

rural) on injury severity outcomes sustained by drivers in ROR crashes involving large trucks. 

Further, Rezapour and Ksaibati (2018) applied a multinomial regression model to identify the 

contributory factors to the risky violations and truck crashes. Hosseinpour, Yahaya, and Sadullah 

(2014) applied a random-effect generalized ordered probit model to analyze a head-on collision 

in Pakistan. In North Carolina, (Liu and Fan 2018) used a mixed logit model approach to 

evaluate contributing factors that significantly affect the severity of head-on crashes. Another 

study by Vachal et al., (2016) used multivariate models of three driver groups to identify the risk 

factors for rural severity of truck crashes. This study shows that several predictors are 

significantly associated with an increased likelihood of severe driver injury outcomes. Chen, Fan, 

and David (2019) in North Carolina applied a multinomial logit model for modeling 

pedestrian-vehicle crash severity. Similarly, Salum et al. (2019) applied a multinomial logit 

model for modeling motorcycle crashes in Dar es Salaam, Tanzania. 

Geographical Information System (GIS) -based application has previously been used to explore 

the spread and the crash hotspots to understand the spatial coverage of crashes. For instance, a 

Salem et al. (2006) study explored the spatial distribution of crashes in the work zone areas using 

GIS applications. Similarly, Lee and Khattak (2019) and Emaasit et al. (2013) identified crash 

hotspots using GIS applications. However, applying GIS to analyze crashes’ spatial distribution 

requires several crash information, including geolocation. In most cases, crashes in developing 

countries, especially Tanzania 

Therefore, the literature shows that traffic fatalities severely affect African countries, including 

Tanzania. Head-on collisions and ROR crashes are very common, especially in rural settings; 

however, few studies show the spatial distribution and associated severities, especially in 

Tanzania. The possible reason for few studies is a lack of a centralized data collection system 

with historical crash data. However, in most cases, crash information and detailed reports from 

witnesses or police officers are available online through several social media outlets. Therefore, 

this study leveraged crash information on social media outlets to analyze head-on and ROR 

crashes in Tanzania for the past decade. Specifically, the study focused on the spatial and severity 

analysis of the crashes reported through social media. Understanding the spatial coverage would 

help law enforcement officers to target specific locations to lower the number of crashes. On the 

other hand, severity analysis will enable an understanding of the key factors for injury severity. 

The rest of the paper is organized as follows; the next section presents the methodology and 

study data. The results and discussion are presented, followed by the conclusion and future 

studies. 
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2. Study Method 

This section presents the methodological approach used in this study. It covers the data collection 

strategies, data extraction and processing, GIS mapping and heatmap development, and the 

statistical models. 

2.1 Data Collection 

As described earlier, this study used data that had been collected from various social media 

outlets. The research team manually searched crashes that were highlighted in social media for 

the past decade. The keywords “crash”, “accident”, and “ajali”, which translates to crash, were 

used on Twitter, Facebook, Instagram, and YouTube to capture the archived crash information. 

Figure 1 presents screenshots of the typical social media posts showing traffic crashes.  

 

(a) Head-on collision reported on YouTube 
 

(b). ROR crash reported on Facebook 

 

(c). ROR crash reported on a blogspot 

 

(d). Head-on crash reported on Twitter 

Figure 1. A screenshot of typical social media posts showing traffic crashes  
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The associated crash narratives for each crash were extracted and stored in an excel sheet. Since 

one crash could have been reported by multiple sources, credible sources’ narratives and rich 

information were selected for each crash. Google translator was used to translating the Swahili 

language to the English language. For instance, this Twitter post by Road Safety Ambassadors in 

Tanzania (@RsaTanzania 2021) "Ajali ya uso kwa uso basi la maguchi na lorry." meant "A 

face-to-face accident with a bus and a lorry". 

2.2 Data Extraction and Processing 

As the intention was to extract head-on and ROR crashes, the analyst reviewed all the narratives 

and extracted the respective crashes. Sometimes, the analyst had to watch the entire YouTube 

video to extract the necessary information. The information of interest included the number of 

people killed and injured, the number and type of vehicles involved, the date and time of the day, 

the crash location, possible causes of the crash, and the region and zone where the crash occurred. 

Upon completion of data extraction, a total of 661 crashes, which include 409 head-ons, and 252 

ROR, were available for further analysis. 

2.3 Mapping of Crashes 

A python code that geolocates crash locations was prepared using the geopy library to map the 

crashes. This code used crash narratives as the inputs to geolocate the crashes. The code was 

linked to Open Street maps for easy geolocating of the crashes. The geolocated crashes were 

mapped on the GIS-based map overlayed on the road network for further analysis. Figure 2 

shows the distribution of geocoded crashes by type and road conditions. These crashes will be 

used to develop heatmaps that will explain the intensity of crashes by type and severity. 

 

Figure 2. Spatial distribution of crashes by type and associated road condition 
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2.4 Statistical Modeling Methodology 

The statistical model in this study intends to explain the influence of predictors on the response 

variable. The response variable for this case is the injury outcome, which is fatalities, injuries, 

and no injuries. By nature, injury outcomes are ordered; however, both ordered, and unordered 

models have been applied in the past (Chen et al. 2019; Liu and Fan 2018; Rezapour and 

Ksaibati 2018; Saleem et al. 2020; Salum et al. 2019). Thus, this study also applied the 

Multinomial Logit (MNL) model to understand the influence of various predictors on crash 

severity. Compared to the ordered models, the added advantage of this model is the ability to 

show the coefficients of all categories that are being compared to the base category. 

The application of the MNL requires the selection of the base category (Chimba, Emaasit, and 

Kutela 2012; Kutela, Kidando, et al. 2022; Kutela, Kitali, et al. 2022; Liu et al. 2015; Salum et al. 

2019). In this case, the category “no injuries” was used as the base category. Suppose that the 

injury outcome, Y has K total number of observed categories. The probability of each injury 

outcome category is given as: 

                                                  (1) 

where: 

 

where  is the pre-crash-specific constant for behavior k,  is a coefficient for variable j and 

behavior k, and is the explanatory variable k for observation i. The coefficient estimations of 

the MNL model were performed using the maximum likelihood method implemented in an R 

statistical software (R Development Core Team 2021) using the  

The significant factors influencing crash severity are discussed based on the relative risk ratio 

(RRR). The RRRs are risk factors that are calculated by exponentiation of the estimated 

coefficients. The outcome implicitly indicates the ratio between a particular category’s predicted 

probabilities to the base category. In this case, the relative probability of the fatal or injury (Y=i) 

to the no injuries (Y = 1). When the estimated RRR of a variable is greater than 1 (RRR > 1), the 

risk ratio increases, while when it is less than 1 (RRR < 1), the risk ratio decreases relative to a 

base category (Çelik and Oktay 2014; Kutela and Teng 2018, 2020). A unit change in the 

explanatory factor leads to the RRR of the predicted category to change (increase or decrease) 

relative to the reference group, given the other variables in the model are held constant. 

3. Descriptive Analysis 

A descriptive analysis of crash data was carried out to explore the distribution of crashes across 

variables of interest. The analysis is presented by focusing on the trend and severity in relation to 

the collision type (head-on and run-off-roadway). Overall, a total of 661 crashes were collected 

for the period of eleven years (2010-2020).  

3.1 Crash Trend 

Figure 3 presents the trend of crashes from 2010 to 2020. Regardless of the year, there were 
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more reported head-on crashes than ROR crashes, except for 2017 and 2012. The first three years 

of the last decade had fewer crashes reported on social media. The reported crashes peaked in 

2014, declined thereafter, and increased in 2018. Social media reporters were increasing from 

2013 onwards, and the most observation by the year 2014 was due to the increased number of 

social media reporters. The government made policies, law enforcement, and implementation to 

reduce the number of traffic crashes. Due to this, there were few crashes reported on social 

media in the three mid-decade years, and thereafter the rashes started to increase.  

 

Figure 3. The trend of headlined crashes (Social media) and All Crashes (Police statistics)  

Conversely, according to Figure 3, the trend is different for all crashes in Tanzania. The trend line 

shows that there is a progressive decrease in the trend from 2013 to 2020. The police reports 

show that the total number of crashes peaked from 2010 to 2013 and started to decrease to very 

few in 2020. This is different from the trend of headlined crashes, showing an increase in the 

reported crashes from 2018 to 2020. 

3.2 Crash Severities 

Furthermore, Figure 4 shows the distribution of crash severity by collision type. It can be 

observed that more fatal crashes were reported compared to other injury or PDO crashes. 

Although this might sound counterintuitive, it should be noted that the analyzed data were 

collected from the headlined crashes on social media. Social media influencers are less likely to 

report PDO crashes as they will not draw followers’ attention. For social media crashes, head-on 

collisions have caused more fatal crashes than injuries and PDOs. This might be due to the road 

conditions in Tanzania, most of which are two-way roadways with no median and a high posted 

speed limit. On the other hand, ROR crashes had a smaller number of observations compared to 

head-on. The presence of shoulder rumble strips on most of the rural highways in Tanzania can 

explain the low number of ROR crashes.  
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Figure 4. Distribution of crash severity by collision type 

3.3 Descriptive Summary of the Variables 

 

Table 1 presents crash types and severity distribution per variables of interest. Speeding is the 

leading cause of fatal crashes in both head-on and ROR crashes. It was also shown that more 

crashes occur on weekdays than on weekends for both head-on and ROR crashes. Crashes 

involving buses account for at least 58% of fatal crashes for head-on and ROR crashes. This 

variable indicates that buses are involved in as many crashes compared to other vehicles. On the 

other hand, truck-involved crashes comprise all crashes that a truck took part but did not involve 

buses. Also, car-involved crashes do not include any crash involving either a bus or a truck. The 

percentage of crashes with fire outbreaks is less than 10% for both fatal injuries and PDOs on 

head-on collisions. Similarly, for run-off-roadway crashes, the percentage of crashes that resulted 

in a fire was 16% for PDOs. The location of the crash was also a variable of interest. Most 

crashes occurred in rural areas than in urban areas for fatal injury and PDOs on both head-on and 

run-off-roadway crashes. 

Table 1. Descriptive Analysis of the Variables 

 
Head-on crashes 

 
Fatal 

 
Injury 

 
PDO 

 

 
Count Percent Count Percent Count Percent 

Contributing factor 
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Speeding 35 14.4% 3 5.2% 19 17.6% 

Others 208 85.6% 55 94.8% 89 82.4% 

Day of week 
      

Weekends 64 26.3% 8 13.8% 32 29.6% 

Weekdays 179 73.7% 50 86.2% 76 70.4% 

Vehicle involved 
      

Buses 141 58.0% 27 46.6% 75 69.4% 

Cars 20 8.2% 19 32.8% 14 13.0% 

Trucks 82 33.7% 12 20.7% 19 17.6% 

Vehicle fire 
      

Yes 14 5.8% 2 3.4% 7 6.5% 

No 229 94.2% 56 96.6% 99 91.7% 

Crash location 
      

Rural 197 81.1% 39 67.2% 70 64.8% 

Urban 46 18.9% 19 32.8% 38 35.2% 

 
Run-off-Roadway Crashes 

Contributing factor 
      

Speeding 24 21.1% 8 14.0% 8 9.9% 

Others 90 78.9% 49 86.0% 73 90.1% 

Day of week 
      

Weekends 27 23.7% 20 35.1% 24 29.6% 

Weekdays 87 76.3% 37 64.9% 57 70.4% 

Vehicle involved 
      

Buses 67 58.8% 20 35.1% 38 46.9% 

Cars 28 24.6% 31 54.4% 18 22.2% 

Trucks 19 16.7% 6 10.5% 25 30.9% 

Vehicle fire 
      

Yes 5 4.4% 3 5.3% 13 16.0% 

No 110 96.5% 56 98.2% 65 80.2% 

Crash location 
      

Rural 99 86.8% 41 71.9% 68 84.0% 

Urban 15 13.2% 16 28.1% 13 16.0% 

4. Results and Discussion 

This section presents the results and discussion. The section is divided into three sections: major 

sections, spatial analysis and discussion by crash type, spatial analysis and discussion by crash 

severity, and statistical model results and discussion. 

4.1 Spatial Analysis and Discussion by Crash Type 
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The spatial analysis and discussion by crash type section cover head-on and ROR crashes. 

Figure 5 and Figure 6 present heatmaps for head-on and ROR crashes. According to Figure 5, 

the Dar es Salaam and Morogoro regions have a high number of head-on collisions. These two 

regions have had at least 59 crashes each for the past decade. It should be noted that these 

crashes are only the ones that were published by social media, meaning they caught people’s 

attention. Two reasons can explain the higher number of reported head-on collisions in the two 

regions. First, for the Dar es salaam region, the higher number of reported crashes may be 

attributed to many vehicles within the city and the presence of many people with social media 

accounts. Thus even for not-so-serious crashes, people will publish them on social media. On the 

other hand, the Morogoro region has neither of the two factors mentioned for the Dar es salaam 

region. However, the possible reason for such a high number of reported crashes could be those 

involving buses and trucks traveling upcountry. This region has an extended network of trunk 

roads and two-way two-lane highways. The chance of head-on collision on these types of 

roadways is very high. The remaining regions have a relatively small number of crashes.  

 

Figure 5. A heatmap of head-on crashes 

The ROR crashes (Figure 6), on the other hand, have extended to several other regions other 

than Dar es Salaam and Morogoro. It can be observed that although there observed a high 

number of ROR crashes in dar es salaam, the spread is relatively small. This is because most of 

the roadways in Dar es salaam have paved shoulders, although the two-lane roadways are still 

dominant. On the other hand, the Morogoro region still shows extensive coverage of ROR 

crashes. This is because fewer roads have paved shoulders and have a large network of this type 

of roadway. The intensity of ROR crashes extends to other regions such as Tabora, Arusha, and 
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Kagera. These regions have a relatively low number of vehicles, but the road conditions are poor. 

 

 

Figure 6. A heatmap of ROR crashes 

4.2 Spatial Analysis and Discussion by Severity 

The spatial analysis and discussion by crash severity section cover fatal, injury, and PDO crashes. 

Figure 7, Figure 8, and Figure 9 present heatmaps for fatal, injury, and PDO crashes. According 

to Figure 7, social media reported that fatal crashes are dominant in the Morogoro and Lindi 

regions. As described earlier, the Morogoro region had the highest proportion of fatal head-on 

collisions. Therefore it is likely that these head-on collisions resulted in fatal crashes. Other 

regions, such as Arusha, mara, Iringa, and Dar es Salaam, had relatively fewer fatal crashes 

reported on social media compared to Morogoro and Lindi. The southern region has been shown 

to have a high number of crashes. In the past, several cement-carrying trucks were involved in 

several crashes. Since they were under the same owner, there was a myth that drivers were 

boycotting, so why do they cause crashes. However, the situation was then resolved. The injury 

crashes in Figure 8 show a different pattern from fatal crashes. It can be observed that Dar es 

salaam is the region with a high number of injury crashes. The high volume of vehicles which 

caused slower speeds in the city, maybe the main reason for this observation. The pattern of 

injury crashes in the Morogoro region is more aligned to the regional roads than trunk roads. The 

regional roads have relatively lower speed limits compared to trunk roads which increases the 

chance of injury crashes. Furthermore, the northwest of the country (Kagera region) has shown a 
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high injury crash density pattern. 

 

 

Figure 7. A heatmap of fatal crashes 
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Figure 8. A heatmap of injury crashes 

Lastly, the PDO crashes presented in Figure 9 portray a different pattern compared to the fatal 

and injury crashes. Reported PDO crashes are observed to be more in the coastal regions, 

including Dar es Salaam, Tanga, and Zanzibar. For Dar es salaam, the possible reason for dense 

reported PDO crashes is the higher number of vehicles that cause congestion. Most of the time, 

crashes that occur in congested areas are likely to be PDOs. A similar scenario can also explain 

the crash pattern in Zanzibar.  
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Figure 9. A heatmap of PDO crashes 

4.3 Statistical Model Results and Discussion. 

Before developing the regression model, correlation analysis was performed to understand the 

correlation across the independent variables. Highly correlated variables tends to result into 

multicollinearity (Kutela 2022; Tu et al. 2005). Therefore, a correlation coefficient greater than 

0.5 was deemed high. According to Figure 10, the variables bus involved and truck involved 

were highly correlated with a coefficient of 0.64, and the variables bus involved and car involved 

were highly correlated with a correlation coefficient of 0.55. Other variables like speeding, 

weekend, and vehicle fire have relatively low correlation coefficients. Therefore, all variables 

were considered in the model. 

4.3.1 Multinomial Logistic Regression model results 

The results of the multinomial logistic regression model are displayed in Table 2. The discussion 

and interpretation of the model were based on the 90% confidence interval, which shows the 

significance of the predictors in relation to either injury or fatal crashes and the base outcome 

(PDOs). The six predictors that have been discussed in this model are the contribution factor, 

vehicles involved, fire outbreak, crash location, day of the week, and the type of collision. 

contribution 
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Figure 10. Correlation of the variables for the MNL model 

4.3.1.1 Collision type 

Results in Table 2 show that head-on collision are less likely to result in injuries but more likely 

to be PDO. The odds of fatal crashes occurring in head-on collisions increase by about 62% in 

relation to PDOs. The findings are in line with the previous studies indicated that more than 

two-thirds of the fatal crashes involved head-on than other crash types. Furthermore, the study by 

Musa, Hassan, and Mashros (2020) showed that the likelihood of more serious accident severity 

due to poor horizontal alignment was correspondingly about 0.4 times less compared to the 

absence of such factors. However, this study shows that injury crashes are not statistically 

significant at a 95% confidence level for run-off-roadway crashes. 

4.3.1.2 Speeding 

Speeding is one of the factors of interest in crash severity. The results in Table 2 show that 

speeding was less likely to result in fatal crashes than PDOs when the collision was head-on and 

more likely to cause fatal crashes than PDOs when the collision was run-off-roadway. This is 

contrary to a previous study by Malyshkina and Mannering (2014), which showed that the speed 

limit did not have a statistically significant effect on the severity of accidents on interstate 

highways. Conversely, the study by Farmer (2019) showed that a five mph increase in the 

maximum state speed limit was associated with an 8.5% increase in fatality rates on 

interstates/freeways  
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Table 2. Multinomial logistic regression model results 

  All crashes Head-on crashes Run-off-roadway crashes 

  Injury Fatal Injury Fatal Injury Fatal 

Predictor Coeff RRR P-value Coeff RRR P-value Coeff RRR P-value Coeff RRR P-value Coeff RRR P-value Coeff RRR P-value 

Contributing 

factor                                     

Other factors                                     

Speeding -0.38 0.68 0.325 0.21 1.23 0.416 -1.17 0.31 0.076 -0.06 0.94 0.860 0.62 1.86 0.268 0.86 2.36 0.058 

Vehicle 

involved                                     

Cars vs 

non-bus/truck                                     

Bus vs any other -1.31 0.27 <0.001 0.001 1.00 0.996 -1.48 0.23 0.001 0.15 1.17 0.695 -1.01 0.37 0.018 0.14 1.15 0.718 

Trucks vs 

non-bus -1.26 0.28 0.001 0.32 1.38 0.292 -0.87 0.42 0.103 1.04 2.82 0.018 -1.97 0.14 0.000 -0.73 0.48 0.101 

Fire outbreak                                     

No                                     

Yes -2.81 0.06 0.007 -1.01 0.36 0.002 -11.09 0.00 0.919 -0.51 0.60 0.279 -2.69 0.07 0.013 -1.88 0.15 0.002 

Crash location                                     

Urban                                     

Rural -0.09 0.92 0.756 0.674 1.96 0.003 0.19 1.21 0.607 0.85 2.34 0.001 -0.83 0.43 0.082 -0.03 0.97 0.941 



Journal of Safety Studies 

ISSN 2377-3219 

2022, Vol. 7, No. 1 

44 

 

Day of the week                                     

Weekend                                     

Weekday 0.361 1.44 0.207 0.145 1.16 0.487 1.18 3.24 0.011 0.18 1.20 0.502 -0.28 0.76 0.492 0.21 1.24 0.542 

Collision type                                     

Run-off-roadway                                     

Head-on -0.1 0.90 0.697 0.483 1.62 0.013                         

Intercept 0.45 1.57 0.229 -0.33 0.72 0.321 -0.44 0.65 0.412 -0.26 0.77 0.541 1.43 4.19 0.008 0.36 1.43 0.493 

Observations 661 409 252 

AIC 1257 734 510 

BIC 1329 791 560 
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and a 2.8% increase on other roads. In total, during the 25-year study period, there were an 

estimated 36,760 more traffic fatalities than would have been expected if maximum speed 

limits had not increased, 13,638 on interstates or freeways and 23,122 on other roads. 

However, from the findings of this study, speeding is not statically significant at 95% in fatal 

crashes for run-off-roadway crashes. 

4.3.1.3 Type of vehicle involved 

From the model results in Table 2, the chance of the buses resulting in injury crashes 

appeared to decrease relatively compared to PDOs. The odds of the buses to result in fatal 

crashes appeared to increase compared to PDOs for both collisions. Also, compared to base 

outcome (PDOs), the bus involved was less likely to result in injury crashes and more likely 

to result in fatal crashes. The findings are in hand with a study by Linfeng Won (2005), which 

showed that older drivers are less likely to experience possible injuries in a large-size vehicle 

(truck or bus) compared to passenger cars. However, the bus-involved crashes were not 

statically significant at a 95% confidence interval for injury crashes. 

Like buses, trucks were less likely to result in injury crashes than PDOs and more likely to 

result in fatal crashes than PDOs for all types of collisions. For head-on collisions, the odds 

of the trucks resulting in injury crashes decreased by 58%, while the odds of trucks causing 

fatal crashes increased by 4% compared to the base outcome. In run-off-roadway crashes, the 

odds of injuries caused by trucks decrease by 86% compared to PDOs. Other previous study 

showed that truck has resulted in more fatal crashes than PDOs due to the traffic increase 

(Zwerling et al. 2005). Generally, trucks involved had a high effect on fatal crashes compared 

to PDOs for head-on collisions 

4.3.1.4 Fire outbreak 

Fire outbreak is among the factors of interest in the discussion. From Table 2, a fire outbreak 

was less likely to result in injury than PDOs. The chance of a fire outbreak in a fatal crash 

decreased by 40% compared to PDOs in head-on collisions. This implies that when a fire 

outbreak occurs, there is a low chance of the crash being fatal or injured and a high chance of 

being PDO. However, fire outbreak was not statically significant at a 95% confidence interval 

on injury and fatal crashes. Similary, previous studies showed that crashes involving fire 

outbreaks are less likely to result in fatal crashes than property damage only (NHTSA 1990). 

Furthermore, fatalities were not affected by fire outbreaks. Also, fires in fatal passenger car 

crashes have increased, primarily due to an aging vehicle fleet. Fire risk increases with 

vehicle age, and the contributions of fire and impact forces in causing death and injury cannot 

be separated in crash data files (NHTSA 1990). 

4.3.1.5 Crash location 

The results in Table 2 show that in rural areas, fatal crashes were more likely to occur than 

PDO crashes for head-on collisions. Compared to PDOs, the chance of occurrence of injury 

crashes in head-on collisions increased by 21%, while the chance of occurrence of fatal 

crashes in rural areas was more than twice the occurrence of injury crashes. Both injury and 

fatal crashes have less chance of occurrence in rural areas than the PDOs in Run-off-roadway 

collisions. The same results have been reported from previous studies (Vachal et al. 2016), 
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showing that rural areas have more fatal crashes than PDOs. Rural areas are not statically 

significant at a 95% confidence interval on fatal crashes for head-on collisions. On the other 

hand, these results do not agree with Aghajani et al. (2017), which concluded that the roads 

northwest of Ilam Province-Iran, predominantly rural areas, have less traffic higher number 

of fatalities.  

4.3.1.6 Day of the week 

The day of the week was among the variables of interest. Overall, weekday crashes are 

observed to have a higher likelihood of resulting in either fatal or injury crashes than PDOs. 

However, only head-on collisions have shown statistically significant results and a 95% 

confidence level. The chance of injury and fatal crashes increase by 44% and 16%, 

respectively, for all crashes. Conversely, for run-off-roadway crashes, the chance of injury 

crashes decreased by 24%, while fatal crashes increased by the same magnitude. Furthermore, 

the odds of injury crashes are more than three times for head-on collisions during weekdays. 

The study by Li, Song, and Fan (2021) have explained the likelihood of the increased odds of 

fatal head-on crashes during weekends. Also, another study by Shrestha and Shrestha (2017) 

showed that crashes on weekdays were three times more likely to be injury crashes than on 

weekends. 

5. Conclusion and Future Studies 

This study mainly aimed at presenting the spatial and severity analysis of head-on and 

run-off-roadway crashes in Tanzania based on social media data. Initially, a data description 

is presented, followed by spatial analysis and statistical modeling using the multinomial 

logistic regression model. 

The descriptive analysis shows an increasing trend up to 2014 due to the increasing number 

of social media reporters. Conversely, the police report of all crash data shows a progressive 

decrease in the trend, particularly from 2013. Also, social media presents more fatal crashes 

than PDO crashes since fatal crashes are likely to trend more on social media than PDOs. 

Further, there have been more head-on crashes than ROR crashes since the nature of Tanzania 

roads is mostly two-way roadways, without medians, causing vehicles to collide head-to-head. 

Fatal crashes appear to have a higher frequency than other severities. Therefore, road users 

must be educated on transportation safety to reduce these effects. 

On the other hand, the spatial distribution of the crashes in Tanzania revealed that the coastal 

zone requires special attention as it was mostly affected by headlined crashes. From social 

media achieved data, both head-on and ROR crashes have occurred mostly in the coastal 

regions. Despite the ongoing improvements in road conditions, policies and rules, particularly 

in road safety, need to be made and implemented to mitigate the problem.  

Statistical modeling was performed for the associated variables affecting the severity of 

crashes. Multinomial logistic regression results show that speeding was more likely to cause 

injuries and fatalities, while the chances are high that buses will result in injury crashes 

compared to PDOs. Fire outbreak was less likely to cause injuries than PDOs. Rural areas 

had higher chances of fatal crashes occurring than PDOs. Finally, there is a high likelihood of 
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fatal and injury crashes appearing on weekdays. Other crash causes have their impacts on 

injury and fatal severities.  

One of the measures placed by authorities to reduce crashes in Tanzania includes speed 

torches and speed governors in buses. More research can be done to find out the effectiveness 

of these measures and review the general public’s perception of these measures using social 

media  

Although the approach used in this study is of promise, more effort is needed to understand 

the nature, causes, and injury outcomes of all crashes. This approach was able to analyze only 

crashes that were reported on social media. It is known that most of the social media 

influencers live in the cities. Therefore, most of the events that happen in rural areas go 

unnoticed. A study that would use the data from the recently established database for storing 

crash data is recommended. Another limitation is the study data. Since Social media 

influences living in cities, crashes that occur in the villages are less likely to be reported. 
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