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CHAPTER 3 

USING A DECISION TREE TO COMPARE RURAL VERSUS HIGHWAY 
MOTORCYLE FATALITIES 

 

3.1 Abstract 
Thailand ranks first in Asia and ninth in the world in term of road accident. As 

of 2020, the number of vehicles registered in Thailand was over 41 million, with 
motorcycles accounting for half of all vehicles. This study aimed to determine the 
cause of fatalities to reduce motorcycle accidents. The research entailed separating 
the accidents and fatalities into those occurring on highways (HWs) versus those 
occurring on rural roadways (RRs) and focused solely on rider at fault accidents to 
involve any confounding factors related to passengers or others involved. In Thailand, 
HWs have higher speed limits and allow more vehicle types than some RRs. Thailand’s 
Department of Public Disaster Prevention and Mitigation recorded 115,154 motorcycle 
accidents from 2015 to 2020. Decision trees allow for processing large amounts of data 
to drill down into associations between the individual variables in a large data set; in 
this study, the tree also separated accidents into whether the driver was exceeding 
the speed limit. The model’s performance for HWs, predicted misclassifications were 
found to be 28.3% (fatality to nonfatality) and a 44.5% (nonfatality to fatality) while 
predicted misclassification for RRs were 15.5% (fatality to nonfatality) and 60% 
(nonfatality to fatality). At all ages, the most fatalities were among male riders on dry 
straightaways in clear daytime weather; notably, however, on RRs, even when the rider 
was driving responsibly, fatalities were high at night on roads with no light. Following 
the presentation of the study findings, suggestions are made for ways the Thai 
government can improve the motorcycle accident and fatality statistics, including 
increasing the age limit for a motorcycle license, with engine size limits further divided 
according to age; proper enforcement of the existing rules will also improve the 
country’s accident statistics. It will also be highly effective to improve road lighting, 
particularly on RRs.  
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3.1.1 Highlight 
1) Gender was the most significant variable in fatalities: Most fatalities 

were among male riders on both Highway and Rural irrespective of the rider speed 
limit. 

2) At all ages, the most fatalities were among male riders on dry 
straightaways in clear daytime weather notably. 

3) Short cutoffs were among the most common causes of fatalities on 
both Highway and Rural, but excess speed was also a factor only on Rural. 

4) On rural roadway even when the rider was driving responsibly, 
fatalities were high at night on roads with no light  

5)  There is a higher probability of a fatality on a HW than on a RR: HW, 
and RR, However, both RRs and HWs have higher fatality rates at night (00.00–07.00).  

 

3.2 Introduction 
Thailand is one of the countries with a high rate of fatalities from road 

accidents, ranking first in Asia and ninth in the world. Thais are killed in traffic accidents 
at a rate of 32.7 per 100,000 persons (WHO, 2018). As of 2020, the total number of 
vehicles registered in Thailand was over 41 million, with motorcycles accounting for 
half of all vehicles (DLT, 2021). 

 

 
 

Figure 3.1 Total number of vehicles and motorcycles registered in Thailand from 2015 
to 2020. 
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Figure 3.1 shows that the number of motorcycles registered in Thailand grew 
continually from 2015 to 2020, when there were 41,471,135 vehicles registered in the 
country, of which 21,396,980 were motorcycles; these were followed by lightweight 4-
wheeled drive vehicles (10,446,505), mini-trucks (6,878,050), and others (2,749,600) 
(DLT, 2021 ) . However, although motorcycles only account for half the vehicles in 
Thailand, motorcyclists account for most road accident fatalities (Jomnonkwao et al., 
2020). According to the Thailand Accident Research Center, in 2019, there were 4,802 
motorcycle fatalities, an average of 13.15 people per day, with most occurring among 
people aged 20 years and up, also known as the working age group. In terms of causes, 
54% of accidents were the fault of the motorcyclists, drivers were at fault in 40% of 
the accidents, and the road and vehicle accounted for 4% and 2%, respectively (RSC, 
2019). Worldwide research has identified elements that appear to be common to every 
accident. Thailand has six road types:  

1)  A motorway is a HW designed for high mobility with low access based on 
limited entrances and exits to designated points, and no two-wheeled 
vehicles are permitted. Motorways are supervised by the Department of 
Highways. 

2)  The national HWs link regions, provinces, and districts; they emphasize 
 mobility, but access is not limited, and rules in general are less strict than 
 those for motorways are. It is difficult to travel through cities, and the HWs 
 were designed to bypass the cities; they are also supervised by the 
 Department of Highways. 

3)  Rural roadways (RRs) are located outside of municipalities and connect with 
 the national HWs. They are supervised by the Department of Rural Roads. 

4)  Municipal roadways provide the streets in municipalities and are maintained 
 by the municipalities. 

5)  Subdistrict roadways serve as the streets for those areas, and they are 
 supervised by subdistrict organizations. 

6)  Concession roadways are privately owned; the government grants concessions 
 to private entities that are then responsible for supervising the roads. 
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For this study, all roads managed by the Department of Highways are 
designated HWs and rural and subdistrict roads are RRs. The motorcycle speed limits 
are lower on RRs—80 km/hr. for engines larger than 400cc and 60 km/hr. for smaller 
cycles; for HWs, the limits are 90 km/hr. for engines larger than 400cc and 70 km/hr. 
otherwise (DLT, 2021) and the study was distinctive in that it separated accidents and 
fatalities into those that occurred on highways (HWs) and those that occurred on rural 
roadways (RR), and it focused solely on rider-at-fault accidents in order to eliminate 
any confounding factors related to passengers or others involved. 

In statistical side, Discriminant analysis (DA) is a technique commonly used in 
Statistical Algorithms to classify a set of observations into predefined classes and LDA 
(linear Discriminant analysis) is a diagnostic method for detecting potentially influential 
observations. The usual assumptions relevant to discriminant analysis are linearity, 
normality, and homoscedasticity of within-group variances of independent variables. 
However, due to violations of these assumptions, discriminant analysis has been 
supplanted by LR (logistic Regression), which requires fewer assumptions, produces 
more robust results, and is easier to use and comprehend than discriminant analysis 
(Chen, 2012). A regression-type model is a CART model that predicts the value of 
continuous variables using a set of continuous or categorical predictor variables. For 
this study, we selected a decision tree (CART regression Tree) to drill down into a set 
of big data to identify the relevant variables and analyze the relationships among them. 
Decision tree mining is among the most popular machine learning techniques (Wu et 
al., 2007) for its comprehensibility and ease of interpretation. One of the primary 
advantages of a decision tree is the ability to derive decision rules; these rules can aid 
in identifying safety issues and developing performance metrics (Abellán et al., 2013).  

 

3.3 Literature Review 
Previous studies on road accidents have been classified by group components that 

are suspected to be involved in every accident, according to international research.  
3.3.1 Age and Gender 
   Motorcycle accidents are more likely to occur among young people 

because they are less disciplined, are unfamiliar with traffic laws, and have less driving 
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experience (Zhang & Fan, 2013). Men and women aged 20–39 years who ride 
motorcycles are more likely to be involved in major accidents, whereas when no 
motorcycle or cyclist is involved in the incident, the severity is likely to be minor 
(Ospina-Mateus et al., 2019). Jou et al. (2012) found that being older, male, and 
unlicensed; not wearing a helmet; riding after drinking; and driving heavy motorcycles 
(above 550cc) were linked to higher motorcycle fatality rates. Additionally, rider age 
was the most important factor when the rider was not at fault (Champahom et al., 
2019). Pakgohar et al. (2011) found that most fatalities were among young persons who 
were in good health before the accident. Riders between the ages of 18 and 24 years 
have insufficient experience to adjust while driving including adjusting their speed to 
the road conditions (Bucsuházy et al., 2020). 

3.3.2 Weather and Road Conditions 
   Research has established that external conditions such as fog, rain, and 

snow have a greater influence on road accidents than rider-related internal factors and 
that the drivers/riders are more likely than passengers to be injured or killed in an 
accident (El Abdallaoui et al., 2018). According to the findings, the most important and 
influential road accident variables are speed limit; weather conditions; road factors 
such as type, surface, and number of lanes; lighting conditions; and time of the 
accident. Factors that had less influence on accidents were gender, age, accident site, 
and vehicle type (Feng et al., 2020). Highway (HW) intersections have been identified 
as the most dangerous for all accidents (Kumar & Toshniwal, 2016), Malin et al. (2019). 
As noted above, however, there are still significant accidents on straightaways with no 
intersections, in part because riders disobey the speed limit and in part because of 
poor road conditions.  

3.3.3 Other Important Factors 
   Vehicle speed is the most critical determinant of an accident’s severity 

(Al Mamlook et al., 2019), followed by factors such as speed limit, age, and road type 
(Rezapour et al., 2020). Travel at night increases the risk of an accident (Mphela, 2020) 
and increases the severity of any injuries, particularly when there is no light Shaheed 
et al. (2013), (Kim et al., 2013), (Jafari Anarkooli et al., 2017) and after midnight (Zhou 
& Chin, 2019). Xie and Huynh (2012) determined that the severity of injuries from 
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accidents on dark roads decreases when riders are more cautious. Motorcycles are 
riskier in rural areas. Male riders, pillion riders, speeding, improper overtaking, and 
fatigue are all important factors that influence severe and fatal injuries. (C. Se et al., 
2021) 

Additionally, the risk of motorcycle death increases for single-vehicle accidents 
that occur on nonurban roads at night, and the major factors that affect rear-end 
crashes are passenger characteristics and the rider’s age, whereas side collisions are 
most commonly the result of lighting conditions and landscape (Anvari et al., 2017), 
Siskind et al. (2011). Focusing on driver factors, researchers discovered that high-speed 
driving, driving while intoxicated. And traffic violations all contributed to high rates of 
fatalities on RRs (Khorashadi et al., 2005). Researchers have used many tools in accident 
analysis, including measuring the accuracy between models or methods (Table 3.1), 
but few have studied the same model or method to compare two road types. 
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Table 3.1 The Machine Learning Models Used in Extant Traffic Accident Studies 

Author 

    Methodology 
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Ospina-Mateus et al. (2021) - - - ✓ - ✓ - - ✓ ✓ ✓ ✓ 
Harb et al. (2009) - - - ✓ - - - - - - ✓ - 
Kuşkapan et al. (2021) - - - - - ✓ - - - ✓ - ✓ 
Abellán et al. (2013) - - - ✓ - - - - - - - - 
Mafi et al. (2018) - - - - - - - - - - ✓ - 
Al Mamlook et al. (2019) - ✓ ✓ ✓ - ✓ - - - ✓ ✓ ✓ 
Recal and Demirel (2021) - - - ✓ ✓ - - ✓ ✓ - - ✓ 
Kumar and Toshniwal (2016) ✓ - - - - - ✓ - - - - - 
Helen et al. (2019) ✓ - - - - - ✓ - - - - - 
Feng et al. (2020) ✓ - - - - - - - ✓ - - - 
Bhavsar et al. (2021) ✓ - - - - - - - - - - - 
Bahiru et al. (2018) - - - ✓ - -  - - ✓ - - 

 
3.4 Methodology 

The research begins with motorcycle accident data from Thailand’s Department 
of Public Disaster Prevention and Mitigation, which counted 115,154 single-rider accidents 
between 2015 and 2020. Toward our study aim, the data was compiled on HR and RR 
motorcycle accident fatalities, developed a decision tree model, and measured its 
accuracy. Figure 3.2 displays the steps in the study process, also listed below:  
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Figure 3.2 The steps in the process for the study. 
 
1) After cleansing the data set, the initial dataset was validated for detecting 

and correcting missing and incompletely captured data as well as 
demonstrating the data's quality. 

2) Verified Dataset - Set the target to Fatal/non-fatal and partition the data in 
binary mode both HW and RR data set. 

3) Data Separation - Separated test and train data sets. 
4) Model Learning enables the model to learn from the test data set and then 

test with the remaining data set. 
5) Prediction and Model Measurement - To assess each model's prediction 

accuracy. 
3.4.1 Data Description 

As noted earlier, the 2015–2020 motorcycle accident data from the 
Thailand Department of Public Disaster Prevention and Mitigation indicated 115,154 
single-rider accidents, 61,866 on HWs and 53,288 on RRs (PDPM, 2020). Table 2 presents 
the categorical and descriptive statistics for the study data, which we divided into four 
categories: roadway characteristics, external factors involving the environment and 
weather conditions, internal factors involving driver behavior, and driver details. 
According to the descriptive data table, most accidents on both HWs and RRs were 
caused by being a male rider between 15 and 35 years of age exceeding the speed 
limit; most accidents occurred on dry surfaces and in clear weather, even when the 
driver stayed on the right side of the road. 
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Table 3.2 The Categorical Variables and Their Descriptive Statistics 

 
**External factors are environment and weather conditions. 

 
3.4.2 The Decision Tree 

A decision tree is a predictor, h: X → Y, of the predecessors of an event 
x by spanning a tree from its root node to its leaves. For simplicity, we concentrated 
on the binary classification case, namely, Y = {0, 1}, but decision trees can be used for 
a range of prediction problems. Based on the division of the input space, the successor 
child is chosen at each node along the root-to-leaf path. Usually, the splitting is based 
on one of x’s properties or a predefined set of splitting rules as follows: 
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1)  First, set the domain set: X is the accident event that needs to be 
labeled. 
Set X to be binary {1,0}, and let Y be our possible labels. 
Then, Y = {0, 1}, where 1 and 0 represent the possible options. 

2)  Training set  𝑆 = ((𝑋1, 𝑌1) … (𝑋𝑛, 𝑌𝑛))  is a limited number of 
pairings in 𝑋 × 𝑌, that is, a list of labeled domain points. This is the 
information to which the learner has access. 

3)  For the output, the learner is asked to generate a prediction rule, h: 

 X → Y. This function is also referred to as a prediction, hypothesis, 
 or classifier. The predictor can forecast new domain elements (Ben-
 David, 2014). 

Decision trees comprise three parts: decision nodes, branches, and leaf 
nodes. Each decision node in the structure displays the variable, and each branch 
displays one variable value based on decision rules; the leaf nodes display the 
expected values of the target variables (Song & Ying, 2015). We used Orange 3.30 
software (Demšar et al., 2013) to run the CART decision tree set classification to stop 
at when majority reach 95% and limit of maximum tree depth is 7. Data was divided 
into two flows, HW and RR, and extracted 27 binary categorical variables that were 
most relevant to the 115,154 single-rider motorcycle accidents in Thailand from 2015 
to 2020; the variables were set as binary (1 or 0) to facilitate interpretation and 
classification. Table 3.3 presents the 27 most relevant variables related to single-rider 
accidents under the following factors: roadway factors, external (environment, 
weather) and internal (driver behaviors) factors, driver data, and driver status. 
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Table 3.3 The Measurement Categories for the 27 Identified Motorcycle Accident 
Variables 

Factor and Variables Measurement 

Roadway 

Dry road 1 - Yes, 0-Otherwise 

Straight road 1 - Yes, 0-Otherwise 

Obstruction 1 - Yes, 0-Otherwise 

Road conditions 1 - Yes, 0-Otherwise 

Vehicle conditions 1 - Yes, 0-Otherwise 

External Factors (Environment and Weather Conditions) 

Day Time (06.00–18.00) 1 - Yes, 0-Otherwise 

Night with light 1 - Yes, 0-Otherwise 

Night without light 1 - Yes, 0-Otherwise 

Low visibility 1 - Yes, 0-Otherwise 

Clear weather 1 - Yes, 0-Otherwise 

Internal Factors (Driver Behaviors) 

Drunk 1 - Yes, 0-Otherwise 

Over speed limit 1 - Yes, 0-Otherwise 

Ran a traffic light 1 - Yes, 0-Otherwise 

Ran a traffic sign 1 - Yes, 0-Otherwise 

Passing (overtaking) 1 - Yes, 0-Otherwise 
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Table 3.3 The Measurement Categories for the 27 Identified Motorcycle Accident 
Variables (Continued) 

Factor and Variables Measurement 

Used a mobile phone 1 - Yes, 0-Otherwise 

Short cutoff 1 - Yes, 0-Otherwise 

Used drugs 1 - Yes, 0-Otherwise 

Drove in opposite direction 1 - Yes, 0-Otherwise 

Dozed off 1 - Yes, 0-Otherwise 

Overweight cargo 1 - Yes, 0-Otherwise 

Inconclusive  1 - Yes, 0-Otherwise 

Driver Data 

Gender 1- Male, 0-Otherwise 

Youth 15–35 1 - Yes, 0-Otherwise 

Adult 36–60 1 - Yes, 0-Otherwise 

Senior 61–90+ 1 - Yes, 0-Otherwise 

Driver Status 

Fatality 1 – Yes, 0-Otherwise 

 
3.4.3 Performance Measurement  

To assess the performance of the supervised machine learning decision 
tree in this study, we used tests data to validation how well the model performed 
with a confusion matrix with the following components: true positive (TP), false positive 
(FP), true negative (TN), and false negative (FN). For example, TP shows the number of 
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positive values projected to be positive, whereas FP predicts an accident as fatal when 
it was not; recall and precision were also measured. These strategies are especially 
useful for unbalanced data sets, in which one answer category accounts for the bulk 
of the responses.  

Precision refers to the accuracy of the classifier findings, expressed as 
follows and shown in Figure 3.3: 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

TP

𝑇𝑃+𝐹𝑃
  (3.1) 

 
Recall, or sensitivity, gives the proportion of the positive class that was 

correctly classified, expressed as follows: 
 
𝑅𝑒𝑐𝑎𝑙𝑙 =

TP

𝑇𝑃+𝐹𝑁
  (3.2) 

 
The TN rate, also called specificity, is computed as follows: 
 
𝑇𝑁𝑅 =

TN

TP+FN
  (3.3) 

 
The FP rate shows how often the classifier misclassified the negative 

class and is computed as follows: 
 
𝐹𝑃𝑅 =

FP

𝑇𝑁+𝐹𝑃
= 1 −  𝑇𝑁𝑅 (𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦) (3.4) 

 
The ratio of correct classifications reflects the data accuracy and is 

calculated as below: 
 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

TP+TN

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (3.5) 
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Figure 3.3 Diagram of the confusion matrix. 
 

3.5 Results 
Figure 3.4 presents plots of the HW and RR likelihoods of fatalities over 24 

hours. 
HWs 
1 = fatality: µ =13.47, σ = 6.34 
0 = nonfatality: µ =13.71, σ = 6.31 
RRs 
1 = fatality: µ =13.14, σ = 7.11 
0 = nonfatality: µ =13.89, σ = 6.29 
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Figure 3.4 HW and RR fatality probabilities at different times of the day. 
 
There is a higher probability of a fatality on a HW than on a RR: HW, 0.3–0.4 

and RR, 0.25–0.15. However, both RRs and HWs have higher fatality rates at night 
(00.00–07.00). Both the HW and the RR decision trees were set to target rider fatalities, 
and they identified the main causes. The tree node was divided into whether the rider 
was following or exceeding the speed limit.  
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Figure 3.5 The HW tree model. 
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Figure 3.6 The RR tree model. 
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HW Fatalities (Figure 3.5): 
1) Rider exceeds the speed limit (40.3%: 13,524/33,542): male (44.7%: 

11,757/26,312), age 15–35 years (35%: 2,411/6,891), age 61–90 years 
(48.2%: 1,808/4,152), straight road (43.5%: 1,808/4,152), daytime (39.3%: 
5,364/13,653), clear weather (63.5%: 1,933/3,048).  

2) Rider does not exceed the speed limit (21.7%: 6,141/28,324): male 
(23.9%: 5,164/21,607), age 15–35 years (22.7%: 1,471/6,477), age 61–90 
years (43.1%: 447/1,037), drunk (17.9%: 1,459/8,165), daytime (17.8%: 
581/3,257), night w/o light (25.3%: 311/1,230), clear weather (19.1%: 
1,214/6,367), short cutoff (35%: 1,008/2,881). On HWs, fatalities occurred 
most among male riders who were between the ages of 15 and 35 years 
and were exceeding the speed limit on a straight road in clear weather 
during the day. For riders aged 61 to 90 years, the fatalities occurred most 
often at night, without lights, under rider intoxication, and with short 
cutoffs.  

RR Fatalities (Figure 3.6): 
1) Rider exceeds the speed limit (24.5%: 5,888/24,017): male (28.3%: 

5,132/18,131), age 15–35 years (20.2%: 950/4,696), age 36–60 years 
(26.2%: 952/3,639), daytime (24.3%: 2,343/9,645), night w/o light (40.1%: 
974/2,427), short cutoff (55.8%: 115/206), clear weather (36.1%: 
2,114/5,863).  

2) Rider does not exceed the speed limit: male (9.7%: 2,104/21,605), night 
w/o light (11.2%: 567/5,057). 

Table 3.4 presents the final-level leaf sets for HW and RR motorcycle accident 
fatalities according to whether the driver was exceeding the speed limit. For instance, 
for RR fatalities, the common factors in both age groups were being male and riding 
over the speed limit during the day; at night on RRs, male riders who died were most 
often speeding and making short cutoffs at night with no light. When drivers were not 
speeding, most fatalities occurred among males at night with no light. 

Short cutoffs were among the most common causes of fatalities on both HWs 
and RRs, but excess speed was also a factor only on RRs. Gender was the most 
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significant variable in fatalities: Most fatalities were among male riders on both HWs 
and RRs irrespective of the rider speed limit, consistent with earlier findings that men 
who ride motorcycles are more likely to be involved in serious accidents Ospina-
Mateus et al. (2019). 

 



 

  

63 
 Table 3.4 The Final HW and RR Sets by Rider Speed 

 HW Fatalities (Figure 4): RR Fatalities (figure 5): 
Rider exceeds 
the speed limit 

Set 1: (15-35, Day time, Male, Straightway) 36.4% 
(1,672/4,590) 

Set 1: (15-35, Day time, Male) 35.5% (943/4,682) 
 

Set 2: (61-90, Day time, Male, Straightway) 48.2% 
(602/1,249)  

Set 2: (36-60, Day time, Male) 26.2% (952/3,639) 
 

Set 3 (Clear Weather, Male) 64.4% (1,816/2,822) 
 

Set 3: (Clear weather, short cutoff, Night without light, 
Male) 55.8% (115/206) 

Rider does not 
exceed the speed 
limit 

Set 1: (Clear Weather, Male, Drunk) 25.5% (311/1,221) Set 1: (Night without light, Male) 11.2% (567/5,057) 
Set 2: (Daytime,15-35, Male) 16.5% (466/2,824)  
Set 3: (Night with light,15-35, Male) 24.8% (515/2,079)  
Set 4: (Short cutoff,61-90, Male) 43.1% (477/1,037)  

 

63 
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3.5.1 Evaluation Results 
Table 3.5 presents the cross-validated data results with 20 folds. The 

table presents the area under the receiver-operating curve (AUC) and the classification 
accuracy (CA; Equation 5), recall (Equation 2), and precision (Equation 1). CA is high for 
HWs and RRs. When 0.5 < AUC < 1, there is a good possibility that the classifier will be 
able to differentiate between positive and negative class values. This is because          
the classifier is better able to recognize TP and TN (Equation 3) than FN and FP         
(Equation 4).  

 
Table 3.5 The Model Evaluation Results 

Model Road Target Class AUC CA Precision Recall 

Tree 

HW 
Avg over 0.685 0.696 0.665 0.696 
Fatality 0.686 0.696 0.555 0.221 
Nonfatality 0.686 0.696 0.717 0.917 

RR 
Avg Over 0.706 0.842 0.776 0.842 
Fatality 0.703 0.842 0.400 0.021 
Nonfatality 0.703 0.842 0.845 0.994 

 
The HW confusion matrix in Figure 3.7 shows misclassifications in 77.9% of 

actual fatalities to nonfatality accidents and 8.3% of nonfatalities to fatalities. For the 
predicted values, we identified a misclassification of 28.3% for accident fatalities to 
nonfatalities and 44.5% for nonfatalities to fatalities. Figure 3.8 shows the RR confusion 
matrix, reflecting misclassifications of 97.9% (fatality to nonfatality) and 0.6% 
(nonfatality to fatality) for the actual cases and of 15.5% (fatality to nonfatality) and 
60% (nonfatality to fatality). That is, the decision tree for this study shows significant 
misclassifications of fatalities for both HWs and RRs but much better ability with 
nonfatalities. 
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Figure 3.7 The confusion matrix actual and predicted results for HWs. 
 

 
 

Figure 3.8 The confusion matrix actual and predicted results for RRs. 
 

3.6 Conclusion and Discussion 
The aim of this research was to design a decision tree to identify individual 

contributors to motorcycle accident fatalities among riders in Thailand, with a focus 
on single-rider crashes. Contributing variables included roadway features along with 
external and internal (driver-related) factors. In addition, using accident data from 2015 
to 2020, we performed a nonparametric analysis to determine the importance of 
factors that influence target variables, such as road and weather conditions, speeding, 
being on a straightaway (with no intersections), gender, and substance use. 
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Figure 3.9 Key accident factors: HWs versus RRs. 
 
The decision tree concluded that the most common causes of fatality on both 

HWs and RRs were being a male rider and exceeding the speed limit, with the other 
variables showing differing levels of importance (Figure 3.9). HWs have more 
contributors to fatalities than RRs; for instance, accidents were common on HWs when 
riders had been drinking, especially at night with no light. HWs also have much heavier 
traffic and a wider variety of vehicles traveling at higher speeds than RRs, facilitating 
accidents that can cause serious injury and death. Age was another significant 
contributor to motorcycle accident fatalities on both types of roads, although notably, 
only HW fatalities extended to riders up to the age of 90 years; the highest age in RR 
fatalities was 60 years. One interesting observation here was that RR fatalities generally 
occurred at night with no street lighting whether a rider was speeding. Road accidents 
have many contributing factors, but speeding is a key area of concern for the severity 
of road accident injuries (M. Yu et al., 2020), (Osman et al., 2018), (Krull et al., 2000). 
Thus, we propose that Thailand must properly post speed restrictions and support the 
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enforcement of compliance within these limits. Short-cutoff riding was another key 
predictor of motorcycle fatalities Bahiru et al. (2018). Although male gender was a 
primary factor in HW motorcycle fatalities in this study, we found less influence from 
age, accident location, and vehicle type. However, substance use was a factor in many 
accidents, and we propose more education on the dangers of riding while intoxicated 
in addition to tighter enforcement of penalties for infractions. 

In Thailand, persons of all ages ride motorcycles, although most riders are 
between the ages of 15 (bike capacity of no more than 110cc) and 35 years. Looking 
at all four accident scenarios in the research, three featured young people, consistent 
with Zhang and Fan (2013), in which accidents were more likely among young people 
(25 years old), who are less disciplined and unfamiliar with traffic laws and have less 
driving experience. Policymakers might consider raising the minimum age for obtaining 
a motorcycle license to at least 18 years or imposing further restrictions on engine size 
dependent on rider age. We also identified road lighting as a considerable factor in 
motorcycle accidents, particularly on RRs but in fact in all accident categories except 
for speeding-related deaths on HWs. Therefore, we propose that better lighting be 
installed wherever possible on Thai roadways, particularly in rural areas. 

 

3.7 Limitations and Future Studies 
This study’s model showed acceptable (above 50%) accuracy, but there is 

room for improvement; adjusting the parameters in a future study could increase the 
accuracy. Additionally, we used accident data from 2015 to 2020, but during the last 
two years, 2019 and 2020, the circumstances in Thailand as well as around the world 
changed drastically overnight because of the COVID-19 pandemic. Governments 
worldwide locked down and ordered people to stay indoors, and Thailand limited 
travel between provinces, particularly between the hours of 22.00 and 04.00. Because 
mobility was so limited during 2019 and 2020, the overall findings for those years might 
not accurately reflect what would have been the country’s true numbers of accidents 
and fatalities. 
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