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ABSTRACT

Accurately identifying the significant factors influencing the severity of two-wheeler
casualty accidents and mining association rules between multi-factor combinations and
accident outcomes is crucial for implementing targeted prevention strategies. This study
integrates machine learningand an improved Apriori algorithm to analyse 5,032 two-wheeler
casualty accidents. Initial factors were identified through feature screening, feature fusion
and K-means clustering, and then ranked by importance using the XGBoost model, resulting
in ten significant factors for association rule mining. Accident severity weights were
calculated based on equivalent minor injury values, and an improved Apriori algorithm,
incorporating weighted support and constraints on consequent terms, was applied to extract
association rules for both major and general accidents. Results show that combinations of
factorssuch as lorries, two-wheeler riders aged 59 years or older, segregated roads, asphalt
structures, electric bicycles, summer and lack of helmet use are strongly associated with
majoraccidents. Conversely, combinations involving passenger vehicles, motorcycles, two -
wheeler riders aged 30 to 43 years, non-segregated roads, cement structures and spring are
associated with general accidents. Among these factors, the collision object has the greatest
impact on accident severity. Minimising spatialand temporalconflicts between two-wheelers
and other vehicles is essential to reducing two-wheeler casualties.

KEYWORDS
traffic safety; two-wheeler casualty traffic accident; association rule algorithm; XGBoost;
weighted support.

Road traffic accidents have become a leading cause of unnatural deaths. In 2021, approximately 1.19
million people worldwide lost their lives in road traffic accidents [1], making traffic safety a critical global
concern. In China, reducing accident frequency and preventing severe accidents have become the primary
objectives of traffic safety initiatives. However, the involvement of diverse vehicle types contributes to the
high heterogeneity of traffic accidents, making it difficult to extract actionable insights from the complete
volume of accident data for refined safety governance.

Two-wheelers, including motorcycles, mopeds, electric bicycles and bicycles, are widely used for short-
distance travel due to their affordability, convenience and practicality [2, 3]. However, their low mass, simple
structure, limited passive safety and high susceptibility to loss of control contribute to frequent violations, such
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as speeding and unsafe lane changes, which increase the risk and severity of traffic accidents [4]. In 2022,
fatalities among two-wheeler riders in China accounted for approximately one-quarter of all traffic-related
deaths [5]. Therefore, an in-depth analysis of the characteristics of two-wheeler casualty accidents, as well as
the relationship between influencing factors and the severity of accidents, is crucial for effective prevention
and traffic safety improvements.

Traffic accidents typically result from an interaction of factors related to people, vehicles, roads, the
environment and management [6]. These factors have varying degrees of influence on accident severity.
Therefore, it is essential to scientifically quantify the importance of different influencing factors, identify and
extract the key factors, and construct a representative feature set for accident analysis. This forms the
foundation for miningmeaningful association rulesbetween multi-factor combinations and accident outcomes.
Moreover, traffic accidents exhibit a typical pyramid distribution in severity: the more severe the accident, the
less frequently it occurs [7]. As a result, quickly and accurately extracting meaningful association rules from
datasets with a low proportion of major accidents holds substantial practical and application value for traffic
safety management.

To address these challenges, this study focuses on two-wheeler casualty traffic accidents as the research
context. Feature engineering methods are used for data preprocessing and initial factor extraction, and the
XGBoost model is applied to identify the key factors influencing accident severity, thereby constructing a
feature set for association rule mining. In addition, the Apriori algorithm is improved by incorporating
weighted support and constraints on consequent terms, which reduces redundant rule gen eration and improves
the accuracy and computational efficiency of the mining process. This enables the rapid extraction of strong
association rules formajor casualty accidents, which are a key focus of traffic safety management but occur
less frequently. The resulting strong association rules provide a scientific basis for targeted interventions and
precision management of two-wheeler traffic accidents.

2. LITERATURE REVIEW

To accurately identify the key factors influencing the severity of two-wheeler casualty traffic accidents and
extract their potential association rules, this study reviews existing research on influencing factor analysis and
association rule mining in the context of traffic accidents.

2.1 Research on the analysis of factors influencing the accident

As vulnerable road users in traffic systems, two-wheelers are at high risk of accidents due to their limited
protection and poor stability. The occurrence and severity of two-wheeler accidents are influenced by a variety
of factors, including rider behaviours, road conditions and weather. Albalate et al. identified gender, speeding,
road width and alcohol consumption as key determinants of injury severity in powered two-wheeler accidents
[8]. Moskal et al. demonstrated that, for both moped and motorcycle riders, being male, non-helmeted,
exceeding the legal blood alcohol limit and riding for leisure purposes significantly increase the risk of traffic
accidents [9]. In a multivariate probabilistic analysis of two-motorcycle collisions, Schneider IV et al. found
thatyoungerage, alcohol consumption, lack of insurance, non-helmetedriding and riding at night substantially
elevated accident risk [10]. Hertach et al. revealed that crash time, gender, road characteristics and riding
behaviours are closely associated with injury severity [11]. Yang et al. identified collision speed, travel
direction and visual obstructions as critical factors contributing to severe e-bike crash outcomes [12].
Panwinkler et al. emphasised that high blood alcohol concentration, excessive cycling speed, limited riding
experience, bicycle skidding and downhill segments were major contributors to serious injuries in pedal
electric cycle accidents [13]. Additionally, Brown et al. concluded that human-related factors such as
observation errors, distraction and vehicle control loss were primary causes of e-bike and bicycle accidents
[14]. In summary, previousstudies have consistently identified thatkey factorsinfluencing the severity of two-
wheeler traffic accidents include rider characteristics and behaviours, road environment conditions,
characteristics of the collision object and temporal variables. Among them, elderly riders, speeding, drunk
driving, non-helmeted riders and collisions with large vehicles are widely recognised as critical contributors
to increased accident severity.

To effectively identify the influencing factors oftwo-wheeler traffic accidents and explore their relationship
with accident outcomes, both traditional statistical and machine learning methods have been widely adopted
[15]. Traditional statistical analysis methods are characterised by simplicity in operation, stability in model
parametersand interpretability ofresults [16]. The importance of influencing factors canbe typically evaluated
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based on the magnitude of correlation or regression coefficients. Discrete choice models based on statistical
methods, including logit, probit, as well as their improved and combined variants, have been proven effective
for analysing factors and mechanismsunderlying accident severity [17-19]. However, traditional statistical
methods are limited in handling nonlinear relationships among multiple factors. Moreover, they require large
amounts of high-quality, well-distributed data and typically assume data homogeneity [20]. Although data
heterogeneity and factor interactions can be partially addressed by adding variables, incorporating stochastic
parameters and integrating models [21-23], feature extraction and model selection mainly depend on
researchers’ expertise [ 16]. In practice, numerous factors influence traffic accidents, and complex interactions
often exist among them.

Data-driven machine learning methods can discover and construct complex relationships within the data,
automatically perform feature extraction, and account for intrinsic connections among variables. This reduces
reliance on researchers’ empirical knowledge and offers significant advantages in dealing with nonlinear and
high-dimensional traffic accident datasets [24]. These approaches are widely used to explore the underlying
relationships between contributing factors and accident outcomes. Bayesian networks [25], gradient boosting
decision trees (GBDT) [26], C4.5 decision trees [27], random forest [28], XGBoost [29] and others can
effectively quantify the importance of individual influencing factors on accident severity and rank their
importance. However, the results often lack interpretability and do not directly quantify the importance of
interactions between variables [30]. To address this, recent studies have applied machine learning models to
identify key variables for use in factor interaction (or coupling) analysis [31]. Specifically, methods such as
tree-based Bayesian network structures [32] and feature combination approaches [33] have been proposed to
reveal complex relationships between variables while reducing dependence on prior expert knowledge.
Nevertheless, increasing the number of variables typically leads to higher computational costs and reduced
interpretability, which is why most existing studies focus only on pairwise factor interactions.

While prior studies have provided insights into the effects of individual factors or limited factor pairings,
the multifaceted nature of trafficaccidents demands that decision-makers consider more comprehensive, multi-
factor scenarios. Therefore, mining association rules that reflect interactions among multiple factors and their
relationship with accident outcomes can offer valuable, scenario-specific guidance for improving the precision
and effectiveness of two-wheeler accident prevention and control strategies.

2.2 Research on the association rule mining algorithm

As an unsupervised data mining approach, association rule algorithms do not depend on the stringent
assumptions of parametric models and can still perform robustly even when dealing with missing data [34].
By applyinguser-defined thresholds, these algorithms identify frequent item sets in accident datasets to extract
potential associations between influencing factors and accident severity, thus revealing typical accident
patterns. Typical association rule algorithms include the Apriori algorithm, FP-Growth algorithm and Eclat
algorithm [35]. Thesealgorithms arecapableof processingboth large-scaleand small-scale datasets [36]. They
have effectively mined potential association rules in a dataset of 63,325 traffic accidents [37] and have also
shown good performance on datasets with as few as 126 major traffic accidents [38]. This flexibility makes it
particularly suitable for refined traffic accident analysis. Association rule mining has been widely applied to
analyse traffic accidents involving different traffic subjects, such as hazardous material transport vehicle s [39],
motorcycles [36], buses [40], lorries [41], electric two-wheelers [42] and pedestrians [43]. Based on the
association rules between the set of influencing factors and accident outcomes, the severity of accidents can
simply be reduced by reducing or eliminating at least one of the chains of factors obtained for each severity
level [40]. However, traditional association rule algorithms tend to generate a large number of invalid or
redundant rules when applied to multi-featured or high-dimensional accident datasets, which seriously affects
the computational efficiency. As the number of influencing features increases, the algorithm’s performance
deteriorates significantly. To address this, data preprocessing techniques, such as feature screening, feature
fusion, K-means clustering and others, are often employed to reduce the data dimensionality. In addition,
constraints on the consequent terms of association rules and other engineering techniques [37] can further
quickly and efficiently identify the association rules of interest to decision makers. Additionally, numerous
studies have focused on enhancing and optimising association rule algorithms through approaches, such as
database compression [44], fewer database scans [45] and refinement of pruning strategies to improve
efficiency and practical applicability of the algorithms [46].

Traditional association rule algorithms typically assume that all transactions carry equal importance [47],
ignoringthe variability in decision-makers’ attention to different types ofaccidents. In reality, majoraccidents,
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though relatively rare, often receive disproportionate attention from traffic safety authorities. Furthermore, the
support-confidence framework used in classical association rule mining often requires repeated manual tuning
of thresholds by users [34, 40, 48]. This may even result in the failure to extract meaningful rules for major
accidents due to their low frequency in the dataset.

3.METHODS

In order to accurately identify the key factors influencing the severity of two-wheeler casualty traffic
accidents and effectively mine their potential association rules, this study proposes a comprehensive analytical
framework. Taking two-wheeler casualty traffic accident data as the basis, the framework constructs the initial
set of influencing factors through feature engineering techniques and develops an improved Apriori algorithm
with weighted support based on the XGBoost model. The entire framework consists of four main components:
1) input the classification of accident severity and the initial set of influencing factors obtained through feature
engineering methods, such as feature screening, feature fusion and K-means clustering; 2) use the XGBoost
model to quantify the importance of these initial influencing factors and extract the key ones for association
rule mining; 3) improve the Apriori algorithm by incorporating weighted support and constraints on
consequent terms to facilitate the efficient and accurate extraction of potential association rules; 4) output the
ranking of influencing factors by importance and the effective strong association rules, and perform the
interpretation. The proposed integrated analysis framework (IAF) is shown in Figure 1.
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Figure 1 — Integrated analysis framework

3.1 XGBoost for ranking factors

The compositionofaccident-related factors forms the foundation for association rule mining. To effectively
identify the key factors influencing accident severity, reduce data dimensionality and simplify model
complexity, the XGBoost model is utilised to quantify theimportance of eachinfluencing factor. Subsequently,
non-critical factors are eliminated to reduce redundant association rules and increase the computational
efficiency of association rule algorithms.
XGBoost is an integrated machine learning model based on the boosting tree algorithm. Built on the
gradient boosting decision tree framework, it utilises a loss function expanded using the second-order Taylor
series and introduces a regularisation term into the objective function, which effectively prevents overfitting,
Through engineering optimisation, XGBoost supportsparallel computing, efficiently handlesmissing data and
delivers strong predictive performance with high computational efficiency [49]. During the construction of the
optimal decision trees, XGBoost selects features for node splitting based on their importance scores, enabling
the ranking of influencing factors.
The importance of features in the XGBoost model can be quantified by the following three metrics:
1) Frequency: The number of times a feature is used to split the data across all trees. This metric is sensitive
to the number of categories a feature contains. Multi-category features tend to divide the data space more
extensively than features with fewer categories, which may lead to the underestimation of less-categorised
but impactful features.

2) Average gain: The average gain in information resulting from splits that use the feature. This metric
reflects how much the feature improves the model, but can cause large disparities between high- and low-
importance features. In imbalanced datasets, it may also introduce bias in the final ranking,
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3) Average coverage: The average number of samples affected by the splits involving the feature. This metric
helps reduce bias from differences in feature categorisation and is unaffected by the magnitude of the
objective function. It is thus suitable for evaluating features with a small number of categories in
classification problems.

Given the low proportion of major accidents in two-wheeler casualty data, the variation in factor categories
and imbalanced category distributions, the average coverage metric is adopted to ensure reliable importance
ranking. The XGBoost model is further optimised using grid search and cross-validation.

3.2 Improved Apriori algorithm

The Apriori algorithm is a classical method for mining frequent itemsets. It identifies frequent itemsets by
iteratively generating candidates, calculating support and pruning, thereby enabling the extraction of potential
association rules. The algorithm is widely adopted due to its conceptual simplicity, ease of understanding and
better scalability [39]. However, the classical Apriori algorithm relies on a predefined minimum support
threshold, which may result in the failure to extract less frequent but practically significant rules in the traffic
accident dataset.

Accident-weighted support

Although major traffic accidents occur at a low frequency, their consequences are severe, and their social
impact is substantial. Major traffic accidents are the focus of traffic safety management departments and are
crucial for preventing and controlling accident risks. To effectively extract the association rules of major
accidents involving two-wheelers, this study comprehensively combines casualties from accidents of varying
severities. It uses the following equivalencies: 1 fatality equals 3 serious injuries, 1 serious injury equals 3
minor injuries, and calculates the equivalent minor injury values for different accident severities, which are
then used to determine the weighting coefficient of each accident.

The numbers of fatalities, serious injuries and minor injuries caused by accidents involving two-wheelers
are counted and converted into equivalent minor injuries according to Equation 1

where M; denotes the total number of equivalent minor injuries caused by accidents of the severity i ; F;, S;
and M; denote the total number of fatalities, serious injuries and minor injuries caused by accidents of the
severity i, respectively.

Based on the total number and equivalent minor injuries for accidents of different severities, the average
equivalent minor injuries per accident of each severity level are calculated as follows:

W= @

z| =

where W; denotes the average equivalent minor injuries per individual accident of severity i; N; denotes the
total number for accidents of severity i.

Based on the equivalent minor injuries, the weighting coefficients for each severity level of accident can
be established as W = {w,, w,,--,w,}. For each accident in the dataset b ={T},T,,---, T, }, which containsn
casualty traffic accidents involving two-wheelers, the corresponding coefficient can be determined. The
weighted support is then defined as shown in Equations 3:

Tioiwi LX)

W Sup(X) = —5—— 3)
j=1%j
0 X¢T;

where W_sup(X) denotes the weighted support of the frequent itemset X, the numerator denotes the sum of the
weights of the accidents T; that contain the itemset X; the denominator denotes the sum of the weights of all

accidents within the dataset.
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Apriori algorithm with constrained consequent terms

Assuming thatX and Y are subsets of the itemsetc, where X < ¢,y = ¢ ,andY nY = ¢ , the association rule
between the two itemset can beexpressed as Rule X = Y, where X is the antecedentand Y is the consequent. This
rule indicates that when X occurs in a transaction, Y is also likely to occur. The generation and evaluation of
association rules are primarily achieved using three metrics: weighted support, confidence and lift.

(1) Weighted support (W_Sup) is the probability that a transaction containing both the antecedent ¥ and the
consequent Y appears in the entire dataset ¢ , which can be expressed as:

n .
W_Sup(X =>Y) = P(XY) = w (&)
j=1%j

(2) Confidence (Conf) is the conditional probability that the consequent Y occurs given that the antecedent
X has occurred. A higher confidence value indicates greater reliability of the association rules, which can be
expressed as:

W Sup(X =Y)

Conf(X =>Y)=P(Y|X) = W Sup ()

(6)

(3) Lift (Lift) refers to the ratio of the conditional probability of the consequent Y occurring given the
antecedentX, to the unconditional probability of ¥ occurring. It reflects the degree of enhancement of the
antecedent X to the likelihood of the occurrence of the consequenty. A higher lift value indicates a more
significant enhancement of X to ¥, which can be expressed as:

P(YIX) W Sup(X=>Y)
P(Y) — W_Sup(X)- W_Sup(X)

Lift(X =>Y) = (7

The minimum weighted support (Min_w_sup) and minimum confidence (Min_conf) are used to filter out
the rules with lower frequency and weaker validity, respectively. The lift is used to evaluate the rules, and
when Lift > 1, the association rules are considered meaningful [37, 39].

The traditional Apriori algorithm performs association rule mining without any constraints on the
antecedent and consequent terms. This can lead to computational inefficiency and the generation of redundant
orirrelevant rules, such as Rule {Male, Spring} =>{Sunny }, which lacks practical value in accident analysis.
Therefore, to extract association rules between the influencing factors and the severity of accidents, the
constraint on the consequent term is set as the severity of accidents. Additionally, a threshold of Lift > 11s
used to select the meaningful association rules. This modification enhances the computational efficiency of
the Apriori algorithm and reduces the generation of redundant and irrelevant rules. The flowchart of the
improved Apriori algorithm is shown in Figure 2, and the specific steps are as follows.

4

Obtain frequent itemset {L, ,Lz,---,Lk}

v

Set Min_Conf, constrained

Accident
data

Set Min W Sup, k=1 consequent terms
search for C, and L, ¢
+ Generate association
rules
> k=k+1

$ No
Connect to generate Delete

anew itemset C,

* Yes
Prune to generate frequent Obtain valid
itemset L, based on Min_W Sup association rules

N Yes

Figure 2 — Flowchart of the improved Apriori algorithm
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Step 1: Set the minimum support Min_w_Sup threshold and search forthe frequent itemset. Iterate through
the accident datasets, count the occurrence frequency of different feature values for each factor to obtain the
initial itemset ¢, and identify the initial frequent itemset L, that meetsthe Min_ W Sup threshold. Based on the
frequent itemset L,,, generate a new candidate itemset C,,, through self-joining, and prune it using the
Min_w Sup threshold to obtain a higher-dimension frequent itemset L, ;. Continue this process until no larger
frequent itemset can be generated.

Step 2: Set the minimum confidence Min_cConfthreshold and apply constraints on the consequent terms to
mine target association rules. Among the frequent itemset {L,,L,, -, L, } that meet the Min_w_Sup threshold,
generate association rules whose consequent terms are limited to accident severity, and retain those rules that
meet the Min_conf threshold.

Step 3: Apply the condition Lift > 1 to filter meaningful association rules.

4.DATA PROCESS AND DESCRIPTIVE STATISTICS

4.1 Data collection

The datasetused in this study comprises 11,130 road traffic accidentsrecorded by the public security traffic
police in a city in southern Chinabetween 2021 and 2023. From this dataset, 5,032 traffic accidents involving
two-wheelers and resulting in casualties (including minor injuries, serious injuries or fatalities) were extracted
for analysis. The casualty statistics for these accidents are presented in Table 1.

Table 1 — Accident statistics

Typology Number of casualty traffic accidents Minor injuries Serious injuries Fatalities
Total 6,161 5,702 741 829
Involving two-wheelers 5,032 4,726 607 584
Percentage (%) 81.68 82.88 81.92 70.45

According to the data in Table 1, casualty accidents involving two-wheelers account for 81.68% of all
casualty accidents. These accidents have a high proportion of minor injuries, serious injuries and fatalities,
making them the main source of casualties in road traffic accidents.

4.2 Classification of accident severity

In China, the public security traffic police classify the severity of traffic accidents primarily based on the
number and severity of casualties involved. Following this principle, traffic accidents in this study are
categorised into two levels: general accidents and major accidents. General accidents refer to cases involving
1-2 serious injuries or minor injuries, while major accidents are defined as those resulting in fatalities or three
or more serious injuries. The classification criteria and the statistical distribution of accident severity in the
datasetare summarised in Table 2. Each accidentis assigned exclusively to oneseverity level, and the two levels
are mutually exclusive.

Table 2 — Criteria for classifying the severity of accidents and statistical results

Accident severity Percentage (%) Guidelines for the classification of severity
General accident 88.65 1-2 serious injuries, or minor injuries
Major accident 11.35 Fatality, or 3 or more serious injuries

The distribution of accidents of different severities by month, day of the week and hour of occurrence is
shown in Figure 3. March records the highest number of casualty accidents but the lowest proportion of major
accidents, while December has the lowest number of casualty accidents. Notably, November has the highest
proportion of major accidents at 16.26%. From January to June, the proportion of major accidents remains
below the average level, whereas from July to December, it exceeds the average. The number of casualty
accidents and the proportion of major accidents are relatively evenly distributed across the days of the week,
with no significantdifference observed. Figure 3 shows thatthe frequency of casualty accidents is higher during
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morning, midday, and evening peak hours, with the highest number occurring between 7:00 and 8:00 a.m.
Although the overall number of casualty accidents is lower during dawn, the proportion of major accidents is
notably higher, peaking at 20.34% between 5:00 and 6:00 a.m.
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Figure 3 — Distribution of traffic accidents: a) Monthly distribution of traffic accidents; b) Weekly distribution of traffic
accidents; c¢) Hourly distribution of traffic accidents

4.3 Accident influencing factors

With the effective implementation of the public safety industry standards for road traffic accident
information recording in China, the comprehensiveness of data recording for road traffic accidents handled
through general procedures has beensignificantly improved, which provides a solid data foundation for mining
associationrules in two-wheeler casualty accidents. Raw data on two-wheeler casualty accidents are processed
through data checking (detecting missing data and identifying outliers), data cleaning (deleting incorrect or
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inconsistent data) and data standardisation. Based on the structure of two-wheeler traffic accident records, the
initial influencing factors were identified with a focus on two-wheelers as the accident subject. Firstly, data
irrelevant to the analysis, such as administrative area, case unit, case number, ID number, name, etc., were
removed. Then, twelve potential influencing factors related to accident severity were extracted from four
categories as follows: time, spatial environment, crash subject and two-wheeler rider attributes. These factors
include: month, day of the week, time of day, weather, road structure, junction or section, with segregation or
not, type of two-wheeler, collision object, gender, age of the rider and helmet use.

Among the initial influencing factors, the age of two-wheeler riders is a continuous variable, while month,
day of the week and time of day are multi-categorical variables. The distribution of limited data samples in
continuous or high-dimensional spaces tends to be sparse and uneven, which may lead to insufficient feature
learning and overfitting risk [33]. Therefore, it is necessary to discretise the continuous variable and fuse the
multi-categorical ones. In order to improve the scientific rigour of the classification, K-means clustering is
utilised to discretise the age of two-wheeler riders. The elbow method is employed to determine the optimal
number of clusters by identifying the inflexion point where the sum of squared errors sharply decreases. The
resulting age classification is shown in Figure 4. Additionally, to focus on prevention and control efforts, and
in consideration of the needs of the traffic safety management department and expert knowledge, the three
time-related factors are processed through feature classification and fusion. The final classification and
statistics of the 12 initial influencing factors are summarised in Table 3.

1001 1.2x10° 100
ot Loxiott 8ot
8.0x10° —
5 60[ » y 5 o0r ‘
S 26.0<10° 2
T 240t
<40r 4.0%10° ; < ‘
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(a) (b) @
Figure 4 — Classification of age: a) distribution of age; b) elbow diagram of clustering; c) result of age clustering
Table 3 — Classification and distribution of features
Aspect Factors Classification of features and percentage (%)
Season (DSpring (Mar-May) (31.70) ; (2)Summer (Jun-Aug) (25.56); 3)Autumn (Sep-Nov)
(19.69); @Winter (Dec-Feb) (23.05)
Time Day of the week (1) Weekday (71.28); (2) Weekend (28.72)
Time of da (DDawn (0:00-6:00) (16.79); (2)Morning (6:00-12:00) (27.84); (3) Afternoon
Y (12:00-18:00) (24.66); (4) Evening (18:00-24:00) (30.70)
Weather (D Sunny (82.97); (@) Cloudy (9.46); (3) Rainy (7.57)
Spatial Road structure (D) Cement (57.15); (2) Asphalt and others (42.85)
environment Junction or section (D) Road section (82.79); (2) Road junction (17.21)
With segregation or not | (1) With no segregation (61.98); (2) With segregation (38.02)
Type of two-wheeler ?Ol\l/lotorcycle (45.79); (2) Moped (24.68) ; (3) Electric bicycle (25.52); (4) Bicycle
Crash (4.01)
subject . . (D) Passenger vehicle (46.38); (2) Lorry (20.17); (3) Two-wheeler (9.98);
Collision object - .
(@) Pedestrian (7.25); (5) Fixtures and others (16.22)
Gender (D Male (74.94); (2) Female (25.06)
Two- (DAge <29 (21.28); @Age from 30 to 43 (30.43); 3)Age from 44 to 58 (35.14); (@)
wheeler Age
. Age>59 (13.16)
riders
Helmet use (D Helmeted (67.51); (2) Non-helmeted (30.35); (3) Unknown (2.15)
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S.RESULTS AND DISCUSSION

5.1 Ranking of influencing factors by importance

The XGBoost model is optimised using grid search and combined with ten-fold cross-validation, and the
final hyperparameters of the XGBoost model are summarised in 7able 4. The importance scores of the 12 initial
influencing factors are obtained by repeating the computation five times to ensure stability and consistency.
The ranking results are presented in Figure 5.

Table 4 — Hyperparameters of the XGBoost

Parameter Value Description
n_estimators 100 Number of trees in the ensemble
max_depth 7 Maximum depth of a tree
learning_rate 0.01 Step size shrinkage used to prevent overfitting
subsample 1 Subsample ratio of the training instances
colsample bytree 1 Subsample ratio of columns when constructing trees
reg-alpha 0 L1 regularisation term on weights
reg-lambda 1 L2 regularisation term on weights
min_child_weight 1 Minimum sum of instance weights in a child
importance type cover Type of feature importance calculation
0.600 q 100%
1 90%
0.500 - 0493
1 80%
1 70%
0.400
1 60%
0300 | ] 14 50%
4 40%
0.200
30%
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Figure 5 — Factors ranked by importance

Figure 5 shows that the top three factors ranked by importance for the severity of two-wheeler accidents are:
collision object, helmet use and age. The collision object has the greatest impact on accident severity, with an
importance value of 49.3%. Significant differences in structural dimensions, mass and passive safety
performanceamong variouscollision objectsinvolved in two-wheeleraccidents tend to exacerbate the severity
of such accidents [14]. In contrast, day of the week and junction or section contribute less than 1% in
importance. Based on the ranking results, factors with importance values below 1% are excluded. The top 10
influencing factors are retained for association rule mining. These top factors account for a cumulative
importance of over 98% and include: collision object, helmet use, age, type of two-wheeler, weather, season,
time of day, gender, road structure and with separation or not.

5.2 Association rules analysis

Based on the dataset of two-wheeler casualty traffic accidents and Equation 1, the total number of equivalent
minor injuries is calculated for each accident severity type. Subsequently, the average equivalent minor injuries
peraccidentare derived using Equation 2. Based on these values, the weighting coefficient for general accidents
is standardised to 1, serving as the baseline. The corresponding weighting coefficient for major accidents is
then calculated accordingly, as presented in Table 5.
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Table 5 — Weighting coefficients of different accidents

Number of . . Total Average Lo
. .. Serious Minor . . Weighting
Type of accident traffic Fatalities | . . . sl equivalent equivalent .
. injuries injuries . Sl . sl coefficient
accidents minor injuries | minor injuries
Major accident 571 584 15 86 5,387 9.43 6.5
General accident 4,461 0 592 4,640 6,416 1.44 1.0

In order to guarantee the reliability of the association rules, the minimum confidence threshold is set to
Min_Conf = 0.7. Based on the selected set of 10 important influencing factors, both the improved Apriori
algorithm and the traditional Apriorialgorithm are applied forassociationrule mining under the same hardware
and software environment. The results of the association rules are shown in Table 6.

Table 6 — Comparison of association rule mining results with different algorithms

Traditional Apriori Improved Apriori
Min_W _Sup
General accident rules Major accident rules | General accident rules | Major accident rules
0.1 309 0 7 2
0.05 1,098 0 68 21
0.01 10,632 0 2,061 897
0.005 22,237 0 5,899 3,121

From Table 6, it can be observed that the number of association rules increases as Min_W_Sup decreases.
However, when Min_W_Sup decreases from 0.1 to 0.005, the traditional Apriori algorithm fails to effectively
extract association rules for major accidents. In contrast, the improved Apriori algorithm not only can
effectively extract the association rules for majoraccidents but also increases the proportion of these rules as
Min_W_Sup decreases.

To investigate the unique and effective strong association rules for traffic accidents of different severities,
89 associationrules are selected from 7Table 6 under the conditions of Min_W_Sup = 0.05 andMin_Conf =
0.7. Specifically, there are 21 association rules for major accidents, including 6 for 2-item sets, 10 for 3-item
sets and 5 for 4-item sets. For general accidents, there are 68 association rules, including 1 rule for a 1-item
set, 5 for 2-item sets, 26 for 3-item sets, 29 for 4-item sets and 7 for 5-item sets. The statistical results for the
antecedent item sets are presented in Figure 6. The results indicate that two-wheeler casualty traffic accidents
are primarily caused by the interaction of multiple influencing factors. This finding is consistent with the
findings of He et al. [50], who emphasised the combined effects of various factors in the occurrence of traffic
accidents. Combinations involving two to four factors are more likely to result in major accidents, whereas
combinations of three to four factors are more commonly associated with general accidents.

35 1
30 f
25 F
Z
g 20
&
215
=
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5 - . I
. — . M1 ml [l
One item set Two items set Three items set Four items set Five items set
B Association rules of major accident O Association rules of general accident

Figure 6 — Statistics of the association rule

To provide a clear and intuitive visualisation of the relationships between antecedents and consequents in
the association rules, the matrix of association rules is presented in Figure 7.
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Items in LHS Groups

2 rules: {Age>59, Lorry, +1 items}

1 rules: {With segregation, Lorry, +2 items}

6 rules: {Asphalt and others, With segregation, +4 items}
7 rules: { Electric bicycle, Summer, +6 items}

4 rules: {Asphalt and others, Non-helmeted, +4 items}
1 rules: {Non-helmeted, Lorry, +1 items}

3 rules: {Two-wheeler, Motorcycle, +3 items}

3 rules: {Helmeted, Passenger vehicle, +4 items}

3 rules: {Motorcycle, Spring, +5 items}

3 rules: {Spring, With no segregation, +6 items}

6 rules: {Spring, Passenger vehicle, +5 items}

7 rules: {Passenger vehicle, Cement, +6 items}

4 rules: {Evening, With no segregation, +6 items}

7 rules: {Age from 30 to 43, Evening, +7 items}

4 rules: {Electric bicycle, Two-wheeler, +7 items}

4 rules: {Female, Evening, +6 items}

3 rules: {Spring, Helmeted, +4 items}

7 rules: {Age<29, Male, +6 items}

8 rules: {Age<29, Evening, +8 items}

6 rules: {Female, Motorcycle, +8 items}

{Major accident}

SHY

_ A A A —  — 1 {General accident}

Lift " Support . 0.06 ' 0.07 . 0.08 . 0.09

13141516 1.7 1.8

Figure 7 — Matrix of 89 association rules

In Figure 7, each dot represents a set of association rules comprising specific antecedent and consequent
items. The size of the dot indicates the support, while the colour shade represents the lift, which decreases
sequentially from left to right. It can be observed that factors such as lorries, two-wheeler riders aged 59 or
older, roads with segregation, asphalt and other road structures, electric bicycles, summer and non-helmeted
riders exhibit a stronger association with major accidents. In contrast, passenger vehicles, motorcycles, two-
wheeler riders aged between 30 and 43, roads without segregation, cement road structures and spring show
stronger associations with general accidents. The effective and strong rules, along with the distinct sets of
influencing factors corresponding to different accident severities, can beclearly identified and extracted. These
findings provide a practical basis for targeted decision-making in accident prevention and control.

Based on the 89 association rules obtained, the top 10 associationrules for major accidents and general
accidents, ranked by lift, are extracted and presented in Tables 7 and 8.

Table 7 — Top 10 rules ranked by lift of major accident

Rule W-Sup | Conf Lift
{age > 59, lorry} => {major accident} 0.064 0.823 1.813
{age > 59, lorry, sunny} => {major accident} 0.054 0.820 1.806
{sunny, male, with segregation, lorry} => {major accident} 0.064 0.755 1.662
{asphalt and others, male, lorry, sunny} => {major accident} 0.062 0.742 1.635
{male, helmeted, with segregation, lorry} => {major accident} 0.050 0.739 1.626
{male, with segregation, lorry} => {major accident} 0.072 0.737 1.623
{sunny, asphalt and others, with segregation, lorry} => {major accident} 0.055 0.737 1.623
{sunny, with segregation, lorry} => {major accident} 0.087 0.736 1.621
{asphalt and others, male, lorry} => {major accident} 0.075 0.733 1.613
{with segregation, lorry} => {major accident} 0.102 0.729 1.604
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Table 8 — Top 10 rules ranked by lift values of general accident

Rule W-Sup | Conf Lift
{two-wheeler} => {general accident} 0.059 0.814 1.492
{passenger vehicle, cement, motorcycle, sunny} => {general accident} 0.052 0.812 1.488
{two-wheeler, sunny} => {general accident} 0.050 0.808 1.481
{passenger vehicle, helmeted, age from 30 to 43} => {general accident} 0.052 0.792 1.451
{passenger vehicle, cement, male, helmeted, sunny} => {general accident} 0.057 0.792 1.450
{passenger vehicle, helmeted, cement, sunny} => {general accident} 0.081 0.784 1.436
{passenger vehicle, cement, helmeted, sunny, with no segregation} => {general accident} 0.061 0.776 1.421
{passenger vehicle, spring, sunny} => {general accident} 0.071 0.775 1.420
{passenger vehicle, cement, motorcycle} => {general accident} 0.060 0.775 1.420
{passenger vehicle, cement, male, sunny, with no segregation} => {general accident} 0.069 0.763 1.398

Interpreting the first association rule in 7able 7 as an example, in an accident involving a two-wheeler rider
aged 59 or older and a lorry, the probability of a major accident is 82.23%, which is 1.813 times higher than
the baseline probability of a major accident occurring independently. From 7able 7, it can be observed that
seven influencing factors are involved in the ten strong association rules for major accidents. Notably, the
collision object of the lorry appears in all ten rules, totalling ten times. Additionally, factors such as roads with
segregation, sunny weather and male riders each appear five times, highlighting their frequent association with
serious outcomes. The heightened risk in lorry and two-wheeler collisions can be attributed to the lorry’s large
structural dimensions, heavy load, high inertia and extensive blind spots [5 1], which significantly increase the
likelihood of serious injuries or fatalities when colliding with smaller, less-protected two-wheelers. This
finding aligns with the research of Osman et al., who emphasised that collisions involving lorries are more
likely to result in severe injuries [52]. In addition, previous studies have shown that male two-wheeler riders
are more prone to engaging in high-speed riding behaviour, and that males are generally at greater risk of
cycling accidents [53]. Moreover, on segregated roads during sunny conditions, vehicles typically travel at
higher speeds [54], and the increase in kinetic energy at higher speeds further exacerbates the severity of
collisions, increasing the risk of serious injuries or fatalities.

To reduce the incidence of major two-wheeler accidents, targeted prevention strategies should prioritise
older riders aged 59 and above, who face higher risks due to age-related declines in reaction time and physical
resilience [9]. Promoting helmet use among this group can substantially reduce the risk of head injuries,
particularly traumatic brain injuries [19]. Infrastructure-based interventions, such as speed control measures
and enhanced physical separation between motor vehicles and two-wheelers on segregated roads with asphalt
structures, canalso mitigate accident severity. In addition, male riders should be identified as a key focus group
in traffic safety education campaigns.

According to Table 8, ten influencing factors are involved in the ten strong association rules for general
accidents. Among these, collision objects of passenger vehicles appear eight times, sunny weather appears
seven times, and the road structure of cement appears six times, indicating strong associations with general
accidents. Although passenger vehicles often travel at higher speeds compared to lorries, they are equipped
with more advanced active safety technologies, which help reduce the likelihood of causing severe casualties
in collisions with two-wheelers. In addition to these factors, combinations of seven other factors, including
helmeted riders, roads with no segregation, motorcycles, and riders aged 30 to 43, collectively show strong
associations with general accidents when paired with the three aforementioned factors. These findings indicate
that while these conditions may not typically lead to severe outcomes, they still constitute critical scenarios in
which general accidents are likely to occur. Therefore, these factors should be considered in the formulation
of targeted strategies aimed at reducing the incidence of general two-wheeler accidents.

6. CONCLUSION

This study identifies and analyses significant factors influencing the severity of two-wheeler traffic
accidents by integrating manual empirical techniques with the XGBoost machine learning model. Building on
this foundation, an improved Apriori algorithm with weighted support and constraints on consequent terms is
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developedto mine association rules for multiple factors associated with major accidents and general accidents.
These results provide a reference for decision-making in traffic safety management.

Two-wheeler traffic accidents are the primary source of casualties in current road traffic accidents,
accounting for over 80% of all injury and fatality cases. Among the various influencing factors, the top three
determinants of accident severity are collision object, helmet use and rider age, with collision object having
the greatestimpact. Combinationsoffactors, such as collisions with lorries, roads with segregation, male riders
and sunny weather, are strongly associated with major accidents. In contrast, combinations of factors, such as
collisions with passenger vehicles, cement road structures and sunny weather, show a strong association with
general accidents. These findings highlight the importance of spatial and temporal separation between two-
wheelers and both lorries and passenger vehicles, as a key strategy for reducing the incidence of both major
and general two-wheeler accidents.

From the methodological point of view, integrating manual empirical methods with machine learning
methods forextracting influencing factors can significantly improve the scientific validity of the feature set
used for mining association rules. The initial influencing factors of concern to decision-makers can be
effectively identified through feature screening, feature fusion, K-means clustering and business scenario
analysis. The XGBoost model is then applied to rank and extract the most important factors. This hybrid
method, whichintegrates prior knowledge with data-driventechniques, effectively extractshigh-impact factors
from accident data that are crucial for decision-making. It reduces data complexity and provides a crucial
foundation for accurately mining effective association rules.

Another important methodological aspect involves determining the weighting coefficients for various
accident severities by calculating the equivalent minor injury values. This enables a differentiated assessment
of the level of concern decision-makers assign to different accident severities. Based on this, the Apriori
algorithm is improved by incorporating weighted support and constraints on consequent terms, which can
address the problem that the traditional Apriori algorithm is difficult to effectively mine association rules for
less frequent major accidents.

Nonetheless, the scope of this study is constrained by the limited number of initial influencing factors
considered, which may restrict the comprehensiveness of the association rule analysis. Future research could
expand the spatial and temporal scope of the dataset and incorporate a broader range of influencing factors to
enhance the generalisability of the findings. Furthermore, the current weighting coefficients foraccidents are
based solely on casualties at the accident severity level. Subsequent studies could explore more nuanced
approaches to reflect decision-makers’ diverse risk priorities, thereby improving the precision of traffic safety
interventions.
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