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20Introduction: Fatigue is one of the riskiest causes of traffic accidents threatening road safety. Due to lack of proper
21criteria, the identification of fatigue-related accident by police officers largely depends on inferential evidence
22and their own experience. As a result, many fatigue-related accidents are misclassified and the harmfulness of
23fatigue on road safety is misestimated. Method: In this paper, a joint model framework is introduced to analyze
24factors contributing tomisclassification of a fatigue-related accident in police reports. Association rule data min-
25ing technique is employed to identify the potential interactions of factors and logistic regression models are ap-
26plied to analyze factors that hinder police officers' identification of fatigue-related accidents. Using the fatigue-
27related crash records from Guangdong Province during 2005–2014, factors contributing to the false positive
28and false negative detection of the fatigue-related accident have been identified and compared. Results: Some
29variables and interactions were identified to have significant impacts on fatigue-related accident detection. Con-
30clusions: Based on the results, it can be inferred that the stereotype of certain groups of drivers, crash types, and
31roadway conditions affects police officers' judgment on fatigue-related accidents. Practical applications: Thisfind-
32ing can provide useful information for training police officers and build better criteria for fatigue identification.
33© 2017 National Safety Council and Elsevier Ltd. All rights reserved.
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44 1. Introduction

45 Fatigued driving is a serious problem threatening road safety around
46 the world. Police records from different countries indicate a range of
47 1%–4% incidence of fatigue/sleep-related crashes of all registered
48 crashes (Radun & Radun, 2009; Traffic Management Bureau, Ministry
49 of Public Security, PRC, 2008). However, several questionnaire-based
50 surveys suggest that the role of fatigue in a traffic accident is
51 misestimatedQ7 . The National Sleep Foundation (2008) reported that ap-
52 proximately 32% of respondents in the Sleep in America poll had driven
53 while fatigued at least once a month. In China, a survey conducted in
54 Guangdong province in 2007 also showed that 9.3% of drivers had driv-
55 en while fatigued in the past 30 days (Yan, Ma, & Xu, 2010). The differ-
56 ence between police reports and surveys implies that police reports
57 could have significantly misestimated the harmfulness of fatigue in
58 road safety. One of the possible reasons is that police officers are not
59 as aware to the presence of fatigue and have difficulties in identifying
60 fatigue-related accidents (Robertson, Holmes, & Vanlaar, 2009).

61Among all causes of traffic accidents, fatigue-related accidents are
62easily neglected or misclassified due to the difficulty in observing and
63identifying driver fatigue (Filtness, Armstrong, Watson, & Smith, 2015;
64Radun, Ohisalo, Radun,Wahde, & Kecklund, 2013). Unlike drunk driving
65crashes, no blood or breath test can be applied to quantify driver's fa-
66tigue level at the crash scene (DaCoTA, 2012; Pack et al., 1995). As a re-
67sult, there is currently no standard methodology for identifying fatigue
68as the cause of the crash (Crummy, Cameron, Swann, Kossmann, &
69Naughton, 2008; Filtness et al., 2015) and defining fatigue-related acci-
70dent largely relies on inferential evidence or experience. For example,
71police officers may consider a crash to be fatigue-related when the fol-
72lowing conditions appear Q8(Horne & Reyner, 1995, 1999;
73NCSDR/NHTSA, 1998): occur late at night ormid-afternoon; single vehi-
74cle run off the roadway; occur on a high-speed road; absence of skid
75marks or braking. Some fatigue-related accidents were determined
76even by eliminating other causes of accidents (e.g., speeding, drunk
77driving, etc.).
78To assist in identifying fatigue in an accident, proxy measurements
79are developed aiming to improve reporting accuracy of fatigue-related
80accidents (Filtness et al., 2015). In Australia, the Australian Transport
81Safety Bureau (ATSB, 2006) has developed the proxy definition for
82fatigue/sleep-related accident, and five jurisdictions in Australia have
83already incorporated proxy definition into their reporting process. In
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84 Queensland, for example, fatigue can be considered as a contributor to a
85 crashwhen it fitted the proxy definition: single-vehicle crashes inmore
86 than 100 km/h speed zones which occur duringmidnight and in the af-
87 ternoon, or where a vehicle runs out of roadway and the driver does not
88 try to avoid the accident (Armstrong, Filtness, Watling, Barraclough, &
89 Haworth, 2013; Filtness et al., 2015). Although these proxy definitions
90 are based on experience or scientific research, they are criticized for
91 being too specific (Armstrong et al., 2013; Crummy et al., 2008) and
92 may provide misleading instructions for police officers. A
93 questionnaire-based study conducted in Australia by Crummy et al.
94 (2008) found that only a small proportion of participants that actually
95 had a fatigue/sleep-related crash was correctly identified by ATSB
96 proxy definitions (ATSB, 2006).
97 Reliable and accurate records are essential for assessing the scope of
98 fatigue-related accident problems, aswell as monitoring and evaluating
99 the effectiveness of intervention measures. A survey in Ontario showed
100 that 56.6% of traffic police felt that they did not receive enough training
101 to identify drivers whowere fatigued or drowsy, or determined the role
102 of fatigue in a crash (Robertson et al., 2009). Although several risk fac-
103 tors identified by prior research and public belief are believed to con-
104 tribute to fatigue-related accidents, few works have been done to
105 prove whether these factors are useful for police officers to identify
106 fatigue-related accidents. That is, some of the factors believed to be as-
107 sociated with fatigue-related accidents are not helpful in judging
108 whether an accident is fatigue-related, and may even lead to incorrect
109 classification of the cause of accidents. Therefore, in this study, we pro-
110 posed an analysis framework based on existing crash data to identify
111 factors that easilymake fatigue-related accidentsmisclassified by police
112 officers, examine the interactive effects of those factors, and provide
113 better inference for determining fatigue-related accident by removing
114 some misleading terms, which help to improve enforcement strategies.
115 The paper is organized as follows: In Section 2, the detail of analysis
116 strategies will be discussed; Section 3 describes the dataset and vari-
117 ables used in this study; the results will be presented in Section 4;
118 Section 5 will further discuss the results; in the last section of the
119 paper, a conclusion will be given.

120 2. Methodology

121 2.1. Objectives and research strategy

122 This study aims at investigating potential factors that hinder police
123 officers' identification of fatigue-related accidents. However, some fac-
124 tors have individual effects aswell as combined effects on the determin-
125 ing of fatigue-related accidents. Classic logistic regression model lacks
126 appropriate criteria to incorporate interactions between independent
127 variables when there are a large number of variables to be considered.
128 Instead, ignoring interactions may cause biased estimation. Therefore,
129 our strategies for this analysis are: (a) association rule datamining tech-
130 nique is applied to identify important interactions between factors,
131 which helps overcome the disadvantage of classic logistic regression
132 model in selecting appropriate interactions; (b) incorporating the inter-
133 actions identified by association rules, binary logistic regression models
134 are applied to find out factors that hinder police officers from correctly
135 identifying fatigue-related accidents.

136 2.2. Association rule analysis

137 Regression models in road safety research focus on establishing and
138 analyzing relationships between “dependent” and “independent.” It is
139 also important to take the correlation between “independent” variables
140 into consideration since it may hamper the statistical analysis (Pande &
141 Abdel-Aty, 2009). With the increasing number of independent vari-
142 ables, however, the number of interactions will grow at an accelerated
143 rate. Thus, the methodology for identifying potential interaction
144 among a large number of crash-related factors is needed. Association

145rule data mining technique can potentially identify relationships that
146are not well known from current research works and have been used
147in traffic safety research (Das & Sun, 2014; Montella, Aria, D'Ambrosio,
148& Mauriello, 2011; Pande & Abdel-Aty, 2009; Weng, Zhu, Yan, & Liu,
1492016). Some studies have combined association rule data mining tech-
150nique with logistic regression model for other purposes (Kamei,
151Monden, Morisaki, & Matsumoto, 2008; Shaharanee, Hadzic, & Dillon,
1522009), but few of them use association rule analysis as a tool for
153selecting potential interactions among variables Q9. Changpetch and Lin
154(2013a, 2013b) proposed amodel selectionmethod procedure for logis-
155tic (Changpetch & Lin, 2013a) and multinomial logit model
156(Changpetch & Lin, 2013b), which help to improve the classic model
157by considering potential interactions.
158In this study, association rule analysis is performed using a priori al-
159gorithm according to the methodology introduced by Agrawal,
160Imieliński, and Swami (1993). A rule is defined as an implication of
161the form “A → B”, where A is the antecedent (left-hand-side, LHS) and
162B is the consequent (right-hand-side, RHS). It is important to note that
163the rule should not be interpreted as a direct causation, but as associa-
164tions between variables (Montella, Aria, D'ambrosio, & Mauriello,
1652012; Pande & Abdel-Aty, 2009). Three measures are commonly used
166infiltering rules: support, confidence, and lift. Supportmeasures the fre-
167quency of LHS and RHS appearing in the dataset and is calculated as fol-
168lows:

Support A→Bð Þ ¼ P ABð Þ ð1Þ

170170where P(AB) represents the probability of case containing A andB at the
same time. Confidence determines how frequently RHS appears given

171that LHS occurs:

Confidence A→Bð Þ ¼ P BjAð Þ
¼ P ABð Þ=P Að Þ ð2Þ

173173where P(A) is the probability of case containing A. Lift is a measure of
the statistical dependence of the rule. A lift value that is smaller than 1

174indicates negative independence between LHS and RHS, a value equal
175to 1 indicates independence, and a value that is greater than 1 indicates
176positive interdependence (Montella et al., 2012). Higher lift value indi-
177cates stronger associations. Lift is defined as follows:

Lift A→Bð Þ ¼ P BjAð Þ=P Bð Þ
¼ P ABð Þ=P Að ÞP Bð Þ ð3Þ

179179

To make sure that the identified rules are reasonable and accurate,
180the minimum threshold values for these three indexes need to be spec-
181ified. Since there are no clear criteria for choosing threshold values, dif-
182ferent studies employed different threshold support and confidence
183values (De Oña, López, & Abellán, 2013; Montella et al., 2011, 2012;
184Pande & Abdel-Aty, 2009 Q10) based on the nature of the data (balanced
185or not) and sample size (small or large databases). For example, Pande
186and Abdel-Aty (2009) set 0.009 and 0.1 for them, respectively. Thus,
187in this study the minimum threshold values for support, confidence
188and lift are set as follows: Support ≥0.01, Confidence ≥0.1, and Lift
189≥1.2. It also needs to be emphasized that only rules with two items in
190the LHS are selected for ease of interpretation. We first generate rules
191with non-fatigue to fatigue crash or fatigue to non-fatigue crash in
192RHS from all the generated rules. Then, all the selected rules are de-
193scending ordered by confidence, and the top 10 are changed into inter-
194actions and incorporated into logistic regression models as inputs.

1952.3. Binary logistic regression model

196Two assessment results will be recorded for normal procedure crash
197records in the database. The one recorded by the police officer at the
198crash scene is denoted as on-site assessment. Normally, on-site assess-
199mentwas determined by a quick check at the crash scene, surrounding
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