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CHAPTER 2 

PREDICTIVE ANALYSIS OF A HIGHWAY ROAD ACCIDENT IN 
THAILAND: USING MACHINE LEARNING APPROACH  

 

2.1 Abstract 
Accidents are a major obstacle to economic development and quality of life 

in developing countries. The same challenges are perceived today as major issues in 
Thailand. This research aims to assess the frequency and most common causes of road 
accidents that are most likely to result in fatalities. Machine learning technique is 
employed to examine the relation of factors in accidents, which are then applied to 
policymaking to lower the rate of road accidents, economic and human resource 
losses, as well as improve the overall efficiency of a country’s healthcare system. The 
researcher has included information of road accidents in Thailand during the years 
2015–2020; a total of 167,820 events, with total damages costing some 1.13 billion 
Thai baht (34 million USD). Although the overall data comprises the elements 
influencing the accidents, this article only considers the drivers who were the causes 
of fatal highway accidents. As a result, the factors that enhance the likelihood of fatality 
in highway road accidents are as follows: driver info, male; driver behavior, over speed 
limit; vehicle type, motorbike; roadway, straight, dry surface; and weather, clear. All 
these variables are related, as the association rule shows an increased risk of injury or 
death in traffic accidents. 

2.1.1 Highlights: 
1) Driver risk perception was discovered to have the strongest influence 

on road accidents. 
2) The factors that enhance the likelihood of fatality in highway road 

accidents are as follows: driver info, male; driver behavior, over speed limit; vehicle 
type, motorbike; roadway, straight, dry surface; and weather, clear.  

3) Most accidents occur during daytime (08.00–18.00), while peaks occur 
at 19.00–20.00 and 22.00–23.00 and high fatality rate at night (19.00–07.00). 
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4) The higher the number of elements involved, the greater the possibility 
of an accident. 

 

2.2 Introduction 
Road traffic accidents are a worldwide issue that have been troubling 

civilization for a long time. Specifically, road accidents in Southeast Asia and Africa, the 
two previously mentioned regions, have been continuously increasing for at least the 
last 10 years (2008–2018) WHO (2018). According to WHO data in 2018, Thailand was 
ranked No. 1 for road accidents in Asia and No. 9 in the world. An average of 32.7 Thais 
per 100,000 population die in road accidents every year (WHO, 2018). Not only has it 
caused an economic upheaval, but it has impacted the country’s public health system. 
Road accidents have also caused the country’s limited resources to be used in ways 
harmful to its progress. It also negatively impacts the country’s human resources, 
resulting in the death or disability of its residents.  

In Thailand, examples of road safety policies include law enforcement (e.g., for 
exceeding speed limits or the consumption of alcohol), road safety programs in 
educational institutions, the development of advertising media, an increase in the 
number of training hours required to obtain new drivers’ licenses and their renewals, 
engineering solution techniques for road safety audits, and research funding. To 
establish these regulations, predicted data on the number of accidents was used to 
determine operational budgets (Jomnonkwao et al., 2020). However, the average 
number of roadway fatalities in Thailand from 2015 to 2020 remained consistent at 
32%–35% for the fifth year in a row, as shown in Fig 2.1. The existing policy appears to 
be ineffective. Learning from every element recorded in the big data set and starting 
to predict and minimize things before they occur might be the way out.  
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Figure 2.1 Highway accident stacked column chart by year. 

 
Previous studies have utilized machine learning algorithms to predict injury 

severity. Some focus on independent factors like the environment, drivers, current 
weather, or road conditions, even comparing performance models, as shown in Table 
2.1. However, these studies did not consider the events’ coincidence for the drivers 
who were killed. The coincidence being discussed included type of roadway, vehicle 
type, external factors such as environment and weather conditions, and internal 
factors, e.g., driver behaviors and information, like gender and age, to understand which 
factors interfered with each other or any linkage between them that increased the 
chances of fatality. According to the Swiss cheese theory, if all the holes (factors) are 
aligned by chance, the accident will happen and result in death. In contrast, the risk 
may be decreased by controlling the primary element that has the strongest influence 
on fatality. For example, the researcher noted that accidents are typically caused by 
a combination of circumstances rather than by one or two factor(s). And, if the 
elements were combined, how likely is it that someone would die? However, what 
happens if the risk factor is reduced? That is why forecasts appear to simulate the 
situation. However, predicting the accident event is also essential for establishing road 
safety, budgeting, staffing, and policy planning. 
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 Table 2.1 Road accident using data mining and Machine learning. 
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Sonal and Suman (2018) - - - - - - - - - - - - - ✓ - 
Gutierrez-Osorio and Pedraza 
(2020) 

- - - - - ✓ - - - - ✓ - - - - 

Abellán et al. (2013) - - - - ✓ - - - - - - - - - - 
Al Mamlook et al. (2019) - - ✓ ✓ ✓ - - - ✓ - - ✓ ✓ - ✓ 
Mafi et al. (2018) - - - - - - - - - - - - ✓ - - 
Recal and Demirel (2021) - - - - ✓ - ✓ - - ✓ ✓ - - - ✓ 
Bahiru et al. (2018) - - - - ✓ - - - - - - ✓ - - - 
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  Table 2.1 Road accident using data mining and Machine learning (Continued) 

Author 

  Methodology 

Ap
rio

ri 
Al

go
rit

hm
 

As
so

cia
te

d 
Ru

le
 

Ba
ye

sia
n 

Lo
gis

tic
 

Cl
us

te
r A

na
lys

is 

De
cis

ion
 T

re
e 

 De
ep

 L
ea

rn
ing

 
 Gr

ad
ien

t B
oo

sti
ng

 

K-
m

ea
ns

 

K-
Ne

ar
es

t N
eig

hb
or

 
 Mu

lti
no

m
ial

Lo
gis

tic
 R

eg
re

ss
ion

 

Ne
ur

al 
Ne

tw
or

k  
 Na

ïve
 B

ay
es

 
 Ra

nd
om

 F
or

es
t 

 Re
gre

ss
ion

 o
n 

py
th

on
 

 Su
pp

or
t V

ec
to

r M
ac

hin
e 

Cuenca et al. (2018) - - - - - ✓ ✓ - - - - ✓ - - - 
Kuşkapan et al. (2021) - - - - - - - - ✓ - - ✓ - - ✓ 
Ospina-Mateus et al. (2021) - - - - ✓ - - - ✓ - ✓ ✓ ✓ - ✓ 
Kumar and Toshniwal (2016) - ✓ - - - - - ✓ - - - - - - - 
Helen et al. (2019) - ✓ - - - - - ✓ - - - - - - - 
El Abdallaoui et al. (2018) - ✓ - - - - - - - - - - - - - 
John and Shaiba (2019) ✓ - - - - - - - - - - - - - - 
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 Table 2.1 Road accident using data mining and Machine learning (Continued) 
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Feng et al. (2020) - ✓ - - - - - - - - ✓ - - - - 
Bhavsar et al. (2021) - ✓ - - - - - - - - - - - - - 
Samerei et al. (2021) - ✓ - ✓ - - - - - - - - - - - 
John and Shaiba (2022) ✓ - - - - - - - - - - - - - - 
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Earlier research on road traffic accidents have also been categorized by 
variables in the form that are presumed to be associated in every accident, according 
to international research. 

Age – Zhang and Fan (2013) found that accidents are more likely to occur 

among junior drivers (≤25 yrs.) who have a lack of discipline, are inexperienced with traffic 
regulations, as well as having less driving experience. Most traffic accidents in Dubai are 

caused by a lack of space between vehicles, with youth (≤35 yrs.) being the most 
usually involved; the peak hour(s) are late at night, and the overwhelming majority of 
drivers were discovered to be inebriated. (John & Shaiba, 2019). Young (18–24 years 
old) drivers lack experience at controlling speeding or adjusting well while driving 
(Bucsuházy et al., 2020). John and Shaiba (2022) found that most alcohol-involved 

accidents are caused by youths (≤35 yrs.) late at night. 
Gender – Ospina-Mateus et al. (2019) and Mohamad et al. (2022) observed that 

men are more likely to be involved in serious accidents than women. 
Driver behaviors – When compared to other drivers, intoxicated drivers have a 

higher accident rate (Helen et al., 2019). The most important aspect in predicting the 
severity of an injury is its driving over speed limit (Al Mamlook et al., 2019). 

Driver – Drivers are more likely to be injured or killed in accidents than other 
passengers (El Abdallaoui et al., 2018). 

Time – Traveling at night increases the chances of car accidents (Mphela, 2020). 
Road and light conditions – Chen et al. (2016) observed that road slope and 

visibility were predictors of driver injuries. Highway intersections are riskier for all 
accident types. Poor road conditions increase the likelihood of accidents, especially 
on motorways (Malin et al., 2019). Road type, lighting, speed limits, and road surface 
all play key roles in accident incidence (Feng et al., 2020). Most fatal injuries occur as 
a result of aggressive driving, inattentiveness, and speeding. However, compared to 
other situations, dark or dim roads also played significant roles (Shweta et al., 2021). 

Weather conditions – (Kumar & Toshniwal, 2016) Sonal and Suman (2018) 
observed that external factors, like weather conditions such as fog, rain, and snow, 
have greater impacts on road accidents than internal factors, such as the driver. 
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Type of vehicles – Chen et al. (2015) mentioned this factor as significant for 
driver injuries and fatalities in rear-end accidents involving trucks, lighting, wind, and 
multiple vehicles involved. The analysis revealed that the most essential and impactful 
traffic accident elements are speed limit, weather conditions, number of lanes, lighting 
conditions, and accident timing, while gender, age, accident location, and vehicle type 
have less of an impact on severity (Bahiru et al., 2018) 

The researchers are continuing to evaluate the literature on road accidents and 
the factors involved. It will cover a wide range of research from across the world, but 
Table 2.2 will concentrate on research from the same region as this study. 

 
Table 2.2 Previous research has identified the factors that determine the severity of 

driving injuries. 

 Variables Finding 

 Driver Characteristics 

 Gender Decrease injury-severity: male. 

(Xie & Huynh, 2012), (Behnood & Mannering, 2017), (Li, Wu, et al., 

2019a), 

Increase injury-severity: 

female 

(Wu et al., 2016), (Osman et al., 2018), (Behnood & Mannering, 2017) 

(Hou et al., 2019),  

Male 

(Kim et al., 2013), (Li et al., 2018), (Champahom et al., 2020) 
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Table 2.2 Previous research has identified the factors that determine the severity of 
driving injuries (Continued) 

 Variables Finding 

 Age Decrease injury-severity: less than 25.  
(Behnood & Mannering, 2017), (Li, Ci, et al., 2019)  
Increase injury-severity:  
Less than 25 
(Li et al., 2018) 
more than 65 
(Kim et al., 2013), (Wu et al., 2016), (Li, Wu, et al., 2019b), (Zhou & Chin, 
2019), (Hou et al., 2019), (Wei et al., 2021) (Champahom et al., 2020),  

 Speeding Increase injury-severity: speeding vehicle.  
(Kim et al., 2013), (Osman et al., 2018), (Krull et al., 2000), (Xie & 
Huynh, 2012), (M. Yu et al., 2020) 

 Drunk Increase injury-severity: drunk driving.  
(Krull et al., 2000), (Xie & Huynh, 2012), (Kim et al., 2013), (Wu et al., 
2016), (Zhou & Chin, 2019), (John & Shaiba, 2019), (Helen et al., 2019) 
,(Champahom et al., 2020) 

 Fatigue Increase injury-severity: Doze off. 
(Champahom et al., 2020) 

 Overtaking Increase injury-severity: improper overtaking. 
(Jafari Anarkooli et al., 2017), (Li, Wu, et al., 2019a) 
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Table 2.2 Previous research has identified the factors that determine the severity of 
driving injuries (Continued) 

 Variables Finding 

 Vehicle characteristics 

 Vehicle type Decrease injury-severity: 
SUV/van 
(Chamroeun Se et al., 2021) 
Pick-up truck  
(Wu et al., 2016), (Chamroeun Se et al., 2021)  
passenger car  
(Huo et al., 2020) 
Increase injury-severity:  
rollover SUV/van  
(Jafari Anarkooli et al., 2017) 
large truck 
(Jafari Anarkooli et al., 2017), (Li et al., 2018), (Huo et al., 2020) 
Pickup  
(Li et al., 2018),  

 External Factor (Environment and road condition) 

 Light status Decrease injury-severity: darkness without light.  
(Xie & Huynh, 2012),  
Increase injury-severity: daylight. 
(Krull et al., 2000) 
darkness without light (Kim et al., 2013), (Jafari Anarkooli et al., 
2017) 
(Zhou & Chin, 2019)  
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Table 2.2 Previous research has identified the factors that determine the severity of 
driving injuries (Continued) 

 Variables Finding 

  after midnight 
(Zhou & Chin, 2019) 
Nighttime 
(Mphela, 2020), (Osman et al., 2018) 

 Dry/wet road 
surface 

Decrease injury-severity: wet road.  
(Zhou & Chin, 2019), (H. Yu et al., 2020) 
Increase injury-severity: 
Wet road 
(Li, Wu, et al., 2019a), (Li et al., 2018) 
dry road 
(Krull et al., 2000) 

 Weather  Decrease injury-severity: raining. 
(Jung et al., 2010) 
Increase injury-severity: raining.  
(Shweta et al., 2021), (Jafari Anarkooli et al., 2017), (Li, Wu, et al., 
2019a) 
Fog, Rainfall, Snowfall  
(Shweta et al., 2021),  

 Time Increase injury-severity: Daytime.  
(Shaheed et al., 2013)  
Nighttime  
(Champahom et al., 2020), (Chamroeun Se et al., 2021)  
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2.3 Data Description and Methodology 
2.3.1 Data Description 

The occurrence of road accidents from the Thailand government 
organization during the years 2015–2020 amounted to 167,820 events PDPM (2020). 
This study focuses on drivers who caused their accidents. Those came to 129,015 total, 
of which 95,249 were nonfatal and 33,766 fatal (24,559 for highway and 9,207 for 
nonhighway). Using the data analysis technique to execute the following steps in Fig. 
2.2.  

Data cleaning – missing and incompletely captured data detection and 
correction. 

Data validation – validation the quality of the data after the data set 
has been cleansed. 

Data converting – data partitioning to binary mode. 
Data analysis and interpretation – discovering the data for informing 

conclusion. 
Data visualization – creating a visual to represent information and data. 

 

 
 

Figure 2.2 Data analysis process step 
 
The data in Table 2.3 is classified into four different categories, consisting 

of fatalities (HW & NHW) and nonfatalities (HW&NHW) to find the link between those 
and the type of roads. However, this study focuses on highway fatalities. The authors 
converted the total data to binary to represent Yes or No in each accident event and 
fed it through Python base software. Table 3 presented data divided by road type and 
fatality. The large number, 24,599, drew our attention and encouraged us to 
investigate. 

Data 
Cleaning

Data 
Validation

Data 
Converting

Data Analysis 
&Inter-
pretation

Data visualiza-
tion
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Table 2.3 the driver who was the caused in those accident divided by highway vs Non 
highway. 

Count of Road Accident Case Fatality 

Road Type No Yes Grand Total 

Non-Highway 47,136 9,207 56,343 

Highway 48,113 24,559* 72,672 

Grand Total 95,249 33,766 129,015 

 
In every event, aspects of 34 attributes from accident data collection 

appeared, including roadway, vehicle type, environment, weather conditions, driver 
behavior, driver info, and driver status in Table 2.4. 

 
Table 2.4 Total 34 Attribute with setting description 

Attribute Name Attribute Description 

Roadway 

Highway 1 - Yes 

Dry Surface Road 1 - Yes, 0-Otherwise 

Straight Way 1 - Yes, 0-Otherwise 

Obstruction 1 - Yes, 0-Otherwise 

Road condition 1 - Yes, 0-Otherwise 

Vehicle condition 1 - Yes, 0-Otherwise 

 
 
 



17 

 

Table 2.4 Total 34 Attribute with setting description (Continued) 

Attribute Name Attribute Description 

Vehicle Type 

Motorcycle 1 - Yes, 0-Otherwise 

Mini truck/ Pick up (4 wheels) 1 - Yes, 0-Otherwise 

Sedan 1 - Yes, 0-Otherwise 

Light Truck (6 wheels) 1 - Yes, 0-Otherwise 

Heavy Truck (10+ wheels) 1 - Yes, 0-Otherwise 

Other Type of car 1 - Yes, 0-Otherwise 

External Factor (Environment and Weather Condition) 

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 Factor (Driver Behavior) 

Drunk 1 - Yes, 0-Otherwise 

Over Speed limit 1 - Yes, 0-Otherwise 

Break Through Traffic lights 1 - Yes, 0-Otherwise 

Break Through Traffic Signs 1 - Yes, 0-Otherwise 
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Table 2.4 Total 34 Attribute with setting description (Continued) 

Attribute Name Attribute Description 

Overtake 1 - Yes, 0-Otherwise 

Use Mobile Phone 1 - Yes, 0-Otherwise 

Short Cut off 1 - Yes, 0-Otherwise 

Drug 1 - Yes, 0-Otherwise 

Drive in opposite direction 1 - Yes, 0-Otherwise 

Doze off 1 - Yes, 0-Otherwise 

Overweight Carry 1 - Yes, 0-Otherwise 

Cannot Conclude  1 - Yes, 0-Otherwise 

Driver info 

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 (Death) 1 - Yes 

 
2.3.2 Methodology 

Apriori algorithm (Srikant, 1994) was picked to mine for frequent items 
set over the entire massive relational data set to discover the most common individual 
items and extend them to larger itemset as long as the sets appeared frequently 
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enough in the database. Apriori’s frequent itemset can be used to generate association 
rules that highlight overall trends. 

Association rule learning is a rule-based, machine learning method for 
discovering key relations between variables in large databases. It is intended to identify 
strong rules using various measures of attraction (William J. Frawley, 1992). To detect 
correlations and co-occurrences between data sets, association rules are utilized. They 
are best suited for explaining data patterns from among seemingly unrelated 
information sources, such as relational and transactional databases. The act of 
employing association rules is known as association rule mining, or mining associations. 
See Fig. 2.3: 

 

 
 

Figure 2.3 Associate Rules Mining Diagram 
 
Rule definition and measurement 
An association rule is determined by two factors: support and 

confidence. The frequency with which a specific rule appears in the database being 
mined is referred to as support. The number of times a particular rule turns out to be 
true in practice is referred to as a confidence.  

Let I = {...} represent a collection of “n” binary characteristics known as 
items.  



20 

 

Let J = {...} be a set of transactions referred to as a database.  
Each transaction in J has a distinct transaction ID and includes a subset 

of the items in I. A rule is defined as an implication of the type XY in which X, Y ⊆ I if 

and only X ≠ ∅, Y ≠ ∅, X ∩ Y = ∅. The sets of objects X and Y are referred to as the 
rule’s antecedent and consequent, respectively. 

Support is an indicator of how frequently the itemset appears in the data 
set. 

 

Support (𝑥) =  
𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑡 𝑖𝑡𝑒𝑚(𝑥)

𝑁(𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛)
 

 
Confidence is an indication of how often the rule has been found to be 

true. 
 

𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 [𝐿𝐻𝑆(𝑥) ⇒  𝑅𝐻𝑆(𝑦)] =
𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐿𝐻𝑆, 𝑅𝐻𝑆)

𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐿𝐻𝑆)
 

 
The ratio of the observed support to the support expected if X and Y 

were independent. 
 

𝐿𝑖𝑓𝑡 [𝐿𝐻𝑆(𝑥) ⇒  𝑅𝐻𝑆(𝑦)] =
𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐿𝐻𝑆, 𝑅𝐻𝑆)

𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝐿𝐻𝑆) × 𝑆𝑢𝑝𝑝𝑜𝑟𝑡 (𝑅𝐻𝑆)
 

 
A rule may have a significant association in a data collection because it 

frequently appears, but it may occur considerably less frequently when implemented. 
This would be an example of strong support but low confidence. 

Step to perform associated rule mining. 
1.   Sequence the transaction accident by event (binary) – If minimum 

support, measure the effectiveness of the accident. If >50% (threshold), then others 
below 50% will be removed. 

1.1 Use frequency itemset from 1 to build item new itemset 
(length 2). Using join command, if all are set, the sequencing does not matter.  
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 1.2  Recalculate the support score, using transaction in 1.1 to 
intersection such as 

 Transaction {Road wet} = {1,1,1,0,1, 0...} 
 Transaction {Darkness} = {1,1,1,1,0,0…} 
 Transaction {Road wet, Darkness} = {1,1,1,0,0,0…} 
 If minimum support < threshold will get removed 

1.3  Use frequency itemset from 1.2 to create item new itemset 
(length 3). However, remember that the initial item must be the same (using the join 
command), and only one linkage can join: 

 Transaction {Road wet, Darkness} = {1,1,1,0,0,0…} 
 Transaction {Road wet, Drunk} = {1,1,1,0,1,0…} 
 Transaction {Road wet, Darkness, Drunk} = {1,1,1,0,0,0…} 

1.4  Frequency all Itemset 
2. Consider the following two items or more and then calculate for 

confidence and lift  
 

2.4  Descriptive Statistics and Result 
To comprehend the data pattern and how data distribution works, a distribution 

chart was created using 72,672 highway accident incidents over 24-h fitted with kernel 
density as a time series as descriptive statistics shown in Fig. 2.4. To determine a 
difference between day and night: 

1 – Representing fatalities from highway accidents; µ =13.19, σ = 7.03 

0 – Representing nonfatalities from highway accidents; µ =13.57, σ =6.37 
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Figure 2.4 Highway accident distribution plot by 24-hour time series w/ Kernel density 
as line chart 

 
Most accidents occur during daytime (08.00–18.00), while peaks occur at 19.00–

20.00 and 22.00–23.00 and high fatality rate at night (19.00–07.00). 
Later, they started to frequent items set on fatality as a precondition for the 

extraction of rules emphasizing causal linkages (Fig. 2.5). Knowing which elements 
occur together aids in identifying the linkages between them (minimum support at 
50%). According to Fig. 5, the most often discovered itemset in the 2018 set is 
connected to the item found: dry road (95.98%), clear weather (87.33%), male 
(86.42%), motorcycle (80.77%), straightaway (71.99%), and over speed limit, (69.03%), 
respectively.  
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Figure 2.5 Frequency itemset extraction 
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After frequent itemset, the first result came from a highway with 24,559 
fatalities. The association rule discovered 1,558 rules (lift ≥ 1 containing 1,377 rules), 
all of which had been configured to obey the threshold (support 50%, confidence 
95%) using Orange 3.30 software (Demšar et al., 2013) (Fig. 2.6). The support distribution 

(Fig. 2.7) has µ = 0.680263, σ = 0.0954974, while confidence distribution (Fig. 2.8) has 

µ = 0.972597, σ = 0.0126851. 
 

 
 

Figure 2.6 Associate Rules Mining total 1558 rules. 
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Figure 2.7 and 2.8 Support and Confidence distribution from 1,558 rules discovered. 
 

Overall, 1,558 rule mining was discovered and divided by confidence clustering 
with color shades representing a Confidence Zone. The y-axis represents confidence, 
while the x-axis represents support. It becomes apparent that: 

Group 1 Confidence 0.95–0.965 – Blue shade majority rule containing 
antecedent as male and dry surface as consequence.  

Group 2 Confidence 0.965–0.98 – Green shade majority rule containing motorcycle 
and over speed limit as antecedent and dry surface road as consequence. 

Group 3 Confidence 0.98–0.995 – Yellow shade is always high confidence, 
although with low support, since Cluster 3 contains clear weather as an antecedent 
and dry surface. Consequently, it implies that these two elements have a significant 
role in road accident mortality (Fig. 2.8) and that extreme caution should be taken 
during clear weather on dry surfaces. 
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Figure 2.8 1,558 discovered rules with scatter plot Support VS Confidence 
 
Later, start building a hierarchy cluster (HCA) by applying the agglomerative on 

1,558 rules to arrange related antecedents into similar groups as a cluster with 
distancing. The distance between clusters was calculated using Euclidean distance as 
a complete linkage criterion. The dendrogram (Fig. 2.9) shows a C1–C3 cluster for the 
antecedent: 
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Figure 2.9 Dendrogram for 1,558 rules discovered on Antecedent. 
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C1 contains straightaway, over speed limit, dry surface road, clear weather, and 
male. 

C2 contains straightaway, over speed limit, clear weather, and male. 
C3 contains motorcycle, over speed limit, clear weather, and male. 
Regarding the C1 cluster, all elements indicate the same consequence point to 

motorcycles, implying that the C1 cluster has most motorcycle fatalities, while C2 and 
C3 have consequence points to the dry surface road. That makes more sense when 
motorcyclists ride at higher speeds in clear weather on dry surface roads with less care 
than on wet road surfaces in poor weather conditions. 

 
Table 2.5 Focusing Rule with high lift and widely gap between support and confidence. 

Antecedent_1 Antecedent_2 Antecedent_3 Consequence Support Confidence Lift 

Over Speed 
Limit=1 

Mini truck/ Pick 
up=0 

Sedan=0 Motorcycle=1 0.551 0.966 1.206 

Straight Way=1 Mini truck/ Pick 
up=0 

Sedan=0 Motorcycle =1 0.577 0.964 1.203 

Dry Surface 
Road=1 

Mini truck/ Pick 
up=0 

Sedan=0 Motorcycle =1 0.773 0.962 1.202 

Clear 
Whether=1 

Mini truck/ Pick 
up=0 

Sedan=0 Motorcycle =1 0.704 0.962 1.201 

Gender=1 Mini truck/ Pick 
up=0 

Sedan=0 Motorcycle =1 0.689 0.958 1.196 

Clear 
Weather=1 

 Over Speed 
Limit=1 

Sedan=0 Dry Surface 
Road=1 

0.566 0.995 1.037 

Clear 
Weather=1 

 Over Speed 
Limit=1 

Mini truck/ Pick 
up=0 

Dry Surface 
Road=1 

0.548 0.995 1.037 

Clear 
Whether=1 

 Drunk=0  Motorcycle =1 Dry Surface 
Road=1 

0.620 0.994 1.036 

Clear 
Whether=1 

 Gender=1  Motorcycle =1 Dry Surface 
Road=1 

0.599 0.994 1.036 
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Table 2.5 Focusing Rule with high lift and widely gap between support and confidence 
(Continued) 

Antecedent_1 Antecedent_2 Antecedent_3 Consequence Support Confidence Lift 

Clear 
Whether=1 

 Over Speed 
Limit=1 

 Gender=1 Dry Surface 
Road=1 

0.527 0.994 1.036 

Straight Way=1  Clear 
Weather=1 

 Motorcycle =1 Dry Surface 
Road=1 

0.511 0.995 1.036 

Clear 
Weather=1 

 Gender=1 Dry Surface 
Road=1 

Dry Surface 
Road=1 

0.746 0.993 1.035 

Straight Way=1  Clear 
Weather=1 

 Gender=1 Dry Surface 
Road=1 

0.546 0.993 1.035 

Over Speed 
Limit=1 

 Motor Bike=1   Dry Surface 
Road=1 

0.535 0.972 1.013 

Straight Way=1  Motor Bike=1   Dry Surface 
Road=1 

0.56 0.97 1.011 

Road 
Condition=0 

 Gender=1  Motorcycle =1 Dry Surface 
Road=1 

0.659 0.968 1.008 

Over Speed 
Limit=1 

Road 
Condition=0 

 Gender=1 Dry Surface 
Road=1 

0.576 0.966 1.007 

Drunk=0  Gender=1  Motorcycle =1 Dry Surface 
Road=1 

0.577 0.966 1.006 

Gender=1  Motorcycle =1 Sedan=0 Dry Surface 
Road=1 

0.665 0.966 1.006 

Gender=1  Motorcycle =1 Mini truck/ Pick 
up=0 

Dry Surface 
Road=1 

0.665 0.966 1.006 

Gender=1  Motorcycle =1  Other Type of 
car=0 

Dry Surface 
Road=1 

0.665 0.966 1.006 

Gender=1  Motorcycle =1 Light Truck  
(6 wheels) =0 

Dry Surface 
Road=1 

0.665 0.966 1.006 
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Table 2.5 Focusing Rule with high lift and widely gap between support and confidence 
(Continued) 

Antecedent_1 Antecedent_2 Antecedent_3 Consequence Support Confidence Lift 

Gender=1  Motorcycle =1 Heavy Truck  
(10+ wheels) =0 

Dry Surface 
Road=1 

0.665 0.966 1.006 

Gender=1  Motorcycle=1   Dry Surface 
Road=1 

0.665 0.966 1.006 

Vehicle 
condition=0 

 Gender=1  Motorcycle =1 Dry Surface 
Road=1 

0.659 0.966 1.006 

Straight Way=1  Vehicle 
condition=0 

 Gender=1 Dry Surface 
Road=1 

0.596 0.965 1.006 

 
The following Table 2.5 and Fig. 2.10 display the association rules with a high 

lift and a wide gap between support and confidence with the antecedents 1–3 and 
the consequences, followed by the support score, confidence, and lift. The study 
established a minimum support score of more than 50%, a confidence threshold of 
more than 95%, and a lift threshold of more than one (1). For example, the rule with 
the widest gap between support and confidence is antecedent (straightaway, clear 
weather, motorcycle) => consequence (dry surface road), which increases 0.484 from 
support 0.511 to confidence 0.995. The rule with the highest lift is contained by 
motorcycles with different antecedents. All the interesting rules have been plotted, as 
shown in Fig. 2.10. 
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Figure 2.10 Confidence and support chart gap trend chart by interesting rules 
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2.5 Conclusion and Discussion 
As a result of the association rule, the factors that enhance the likelihood of 

fatalities in highway road accidents are as follows: 
1) Driver info - male 
2) Driver behavior - over speed limit  
3) Vehicle type - motorbike 
4) Roadway - dry surface and straightaway 
5) Weather - clear weather 
When an accident occurs, all of these variables have a relationship and are 

linked to one another as the associated rule shows a potential cause of road accident 
fatalities, such that males riding motorcycles at speeds over the limit on straight roads 
in clear weather show increased risk for injury or death in traffic accidents, more than 
other conditions, with confidence levels increased from 0.5x, 06x, and 0.7x to 0.99x 
regarding if the consequences are motorcycle and dry surface road with high lift. As 
described at the opening pages, the higher the number of elements involved, the 
greater the possibility of an accident. Furthermore, the newly discovered straightway 
is a significant contributor, while transportation authority’s exercise caution at 
intersections and on curve roads. 

This might simply be due to the fact that when there is clear weather and a 
straight road with no curves, junctions, or turns, drivers frequently violate the speed 
limit as a result, which is more likely to cause accidents than when the weather is 
inclement, and it appears that males are driving faster than females. However, as of 
2021, the current number of vehicles registered in Thailand is over 42 million, with 
motorbikes accounting for 50% of the total (DLT, 2021), potentially contributing to the 
largest number of fatalities from significant accidents. As Jomnonkwao et al. (2020) 
observed, motorcyclists are responsible for the vast majority of road fatalities, while 
prior studies showed different types of cars and motorcycles, such as rollover SUV/vans 
(Jafari Anarkooli et al., 2017), large truck (Huo et al., 2020; Jafari Anarkooli et al., 2017; 
Li et al., 2018), and pick-ups (Li et al., 2018). Additional research on motorcycle riders 
specifically, as well as other types of road users, may be conducted in the future. Aside 
from motorcycles, Sonal and Suman (2018) observed that external factors, such as 
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weather conditions like fog, rain, and snow, show greater impacts in road accidents 
than internal factors, such as the drivers themselves. Meanwhile, Thailand’s climate 
has no snow or ice, with rain contributing only roughly 5 months a year (June to 
October) and the chilly season taking 4 months (November to February). The remainder 
of the year is summer, with clear weather conditions and dry road surfaces contributing 
approximately 7 months a year. The rule discovered that fatalities have a high chance 
in clear weather on dry surfaces, which correlate to the chilly and summer seasons. 

Highway junctions were determined to be the riskiest for all accidents (Kumar 
& Toshniwal, 2016). However, this study discovered that a major risk exists even on 
straightaways, since drivers usually violate the law about exceeding the speed limit on 
straightaways with no junctions. Bahiru et al. (2018) observed internal factors, such as 
gender, age, accident location, and vehicle type. Those were discovered to have less 
of an influence on the severity of road accidents, although being male is still one of 
the primary factors leading to highway fatalities. 

With all the rules discovered from this study; policymakers may eliminate some 
of the factors implicated in highway traffic accidents. At least it should raise awareness 
of risky driver behaviors. Authorities are considering proposed laws to control speed 
limits on long straightaways by using light signs, warning signs, and cameras that closely 
monitor driving speeds, especially motorcycles. 

The study used data from 2015-2020, although the last 2 years (2019–2020) of 
the COVID-19 pandemic, the government issued an order ordering people across the 
country to lock down and not allow cross-provincial travel, particularly between 10PM 
– 4AM. People are also apprehensive about travelling to separate zones on their own, 
which means they are not travelling much. As such, the numbers for 2019–2020 may 
not accurately reflect the real number of accidents and fatalities for country. 

As a related rule for future research, further analysis may be extended to all 
types of roads, particular automobile types, criminal data, medical data, or nonhighway 
data to aid policymakers in formulating the best option feasible with solid data backup. 
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2.6  Study limitation and future study 
The study used accident data from the COVID-19 pandemic, which caused the 

government to lock down and prohibit travel between provinces. People are also 
cautious to travel to the separated zones on their own, implying that they have not 
traveled extensively. As such, the numbers for 2019–2020 may not accurately reflect 
the real number of accidents and fatalities for country. 

As a related rule capability, for future research, the further analysis may be 
extended to all types of roads, particular automobile types, criminal data, medical 
data, or nonhighway data to aid policymakers in choosing the most feasible options 
with solid data backup. 
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