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Traffic accidents statistical analysis is important in understanding and estimating the
occurrence of the event. However, traffic accident data often exhibit the occurrence of extra
zeros, due to the underreporting scenario; in which the accidents are happened but not
reported, mainly for non-fatality accidents. Hence, the aims of this paper are to gain insight
into the accident reporting system and estimating the proportion of non-fatality unreported
accidents in Malaysia. Two sets of data were considered in this study: the survey data
and the police data. The data were divided according to the level of severity, which were
serious and slight injury for survey data and police data in the year 2013-2015. The survey
data collects information on both unreported and reported accidents based on the Malaysian
drivers’ experiences; whereas the police data is the reported accidents occurred in the year
2013 – 2015. Distributions considered in this study are normal, gamma, beta, and logistic were
fitted to the proportion and the log of the proportion of unreported accidents in the survey
data. We found that the proportion of unreported serious injury is 0.54 and the proportion of
unreported slight injury is 0.58. We also estimated the proportion of unreported accidents per
driver, using beta distribution, in which the estimate for the proportion of unreported serious
injury is 0.8418 and the proportion of unreported slight injury is 0.8340.
Keywords: Proportion, non-fatality, unreported accidents, distribution, severity

I. Introduction

Police reported traffic accident data are the
main source of crash in most authority (Wat-
son et al., 2015). In contrast, the dependency
on police data to calculate and analyze road
accident injuries may be a problem, as it is
clear that not all road accident accidents are re-
ported to the police. This unreported accident
can not only impact on the overall size of the
road accident injuries, but may introduce a bias
associated with a particular road user group.
This problem is known as unreported road ac-
cident injury, which is usually identified when
comparing hospital and traffic data on road ac-
cident accidents and may be largely due to dif-
ferences in the definition of severity of injuries
(Abay, 2015). In particular, the comparison
reveals that only a limited number of non-fatal

injuries in hospitals recorded by the police, al-
though much less known about non-severe (e.g.
non-hospitalized) injuries (Watson et al., 2015).
Some studies provide evidence that significant
road safety injuries are not reported by the po-
lice, while the underreporting level may vary
between levels of injuries to injuries or differ-
ent groups of road users (Alsop and Langley,
2001); (Amoros et al., 2006); (Boufous et al.,
2008); (Langley et al., 2003). In the area
of road accidents and injuries, various data-
linking projects have been regulated by Abay
(2015); Alsop and Langley (2001); Amoros
et al. (2006); Boufous et al. (2008); Cercarelli
et al. (1996); Elvik and Mysen (1999); Hauer
and Hakkert (1988) and Langley et al. (2003).
Abay (2015) combines emergency room data
with accident data reported by police in the
Denmark region. It has been found that there



ASM Science Journal, Volume 12, Special 1Issue , 2019 for IQRAC2018

is a heavy tendency in reporting to the police
including the tendency of severity (i.e., higher
severity injuries were presumed to be reported).
In New Zealand, Alsop and Langley (2001) use
the police relations and hospital records. They
discovered that less than two-thirds of all road
accident victims were recorded in police data.
They also find that this varies based on the
number of vehicles involved, geographic loca-
tion, age and injury severity. Amoros et al.
(2006) conducted the same study to see under-
reporting of road accidents in France. They
use probabilistic methods to link police acci-
dent data with the registration of road traffick-
ing in Rhone County. The result shows that the
police reporting rate is about 38%. However,
these rates vary accordingly to injury sever-
ity, the type of the road user, and the location
of the accidents (i.e., urban vs. rural). An-
other study conducted by Aptel et al. (1998)
in France found that after connecting police
and hospital data, only 37% of road accident
injuries were reported to the police. Similar to
other studies, they find that the reporting rate
varies according to the place of accident, the
type of vehicle involved, and the injury sever-
ity. They also pointed out that police reports
were likely to account for the excessive level
of injury sustained. Langley et al. (2003) con-
ducted links between hospital records and po-
lice records to specifically examine the possi-
bility of underreporting of cyclist accidents in
New Zealand. The result shows that only 22%
of cyclists crashed on public roads could be
linked to police records. Of the accidents in-
volving motor vehicles, 54% were registered by
the police. They also found that age, ethnic-
ity, and injury severity predicted whether hos-
pital cycle crashed were more likely to be re-
ported in police data. In Australia, Cercarelli
et al. (1996) linking police reports, hospital ad-
missions and accident and emergency (A & E)
department data from a hospital in Western
Australia. The researchers found that about
50% of A & E’s attendance was recorded by
the police, and about 50% of the cases recorded
by the police as hospitalized were actually ad-

mitted. Researchers stated that while the dif-
ferences between data sets does illustrated the
reporting case below, it indicates that the dif-
ferences in the coding system may also result
in unlinked cases. Another study conducted in
Australia at New South Wales by Boufous et al.
(2008) linked hospital data (Patient Statistics
Order [ISC]) with Traffic Accident Data Sys-
tem (TADS). Researchers match 56.2% of hos-
pitalization due to road accidents with records
in TADS. Researchers also found that the rel-
evance rate varies by age (i.e., lower linkage
rate for younger age groups), road user type
(e.g., lower linkage rate for cyclists), severity
(i.e., higher linkage rates with increased sever-
ity) and geographical location. Furthermore,
studies under the United Kingdom’s national
report show a significant difference in underre-
porting between different levels of injury which
is about 20% of the injuries categorized as se-
rious by the Police have been treated and dis-
charged by the hospital (i.e. slight injuries),
while those treated by the hospital were serious
but appeared in police records as slight were ac-
count for about 8% in the country. Study by
Elvik and Mysen (1999) deduced that report-
ing of injuries in official accident statistics is
insufficient at all measures of injury severity in
a meta-analysis of 49 studies in 13 countries.
Specifically, the level of reporting the mean of
accidents in the countries included is found to
be 95% for fatal injuries, 70% for serious in-
juries (described as those admitted to hospi-
tal), 25% for slight injuries (described as those
treated as outpatients), and 10% for very slight
injuries (described as those treated outside hos-
pitals). In addition, levels of injury reporting
vary among countries, ranging from 21 to 88%
for hospital-treated injuries. In Malaysia, Ka-
maluddin et al. (2018) studied on data linkage
of matching police and hospital record in state
of Melaka which yield 4.1% matching rate and
a 4.7% police reporting rate. the matching rate
between police and hospital records is propor-
tional to the level of injury severity. Besides
that, Mustaffa and Hokao (2012) developed a
database system for the road traffic accidents
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that can be used to reduce the fatalities of road
accidents in the state of Johor Bahru. Since
there is still a limited number of references on
this issue for Malaysia data, this paper intends
to estimate the proportion of unreported acci-
dents in Malaysia. By finding the fitted dis-
tributions to the proportion of unreported ac-
cidents, perhaps a richer information can be
obtained in order to shed some light to the ac-
tual number of accidents occured. Futhermore,
the distribution fitted to the proportion of un-
reported accidents data will help in developing
a traffic accident model that include underre-
porting information perhaps to improve the es-
timation of the actual number of accidents.

II. Methodology

In this paper, we focus on the proportion of
the unreported accidents. We will consider
two sources of data which are the survey data
and the police’s data that were obtained from
MIROS (Malaysian Institute of Road Safety
Research) for the year 2013-2015. MIROS was
established in 2007 as an agency under the Min-
istry of Transport Malaysia to serve as a central
repository of knowledge and information on
road safety. For the survey data, a survey has
been conducted in order to collect the informa-
tion of unreported traffic accidents in Malaysia.
The questionnaires were disseminated to 2000
Malaysia drivers, selected based on the strati-
fied sampling to represent the Malaysian pop-
ulation. In the questionnaire, there are two
sections. Section A is demographic section in
which the variables including age, gender, eth-
nics, religion, residential location, residential,
marital status, years of driving and average
of driving were measured. Section B consists
of the driver’s behaviour, in which the vari-
ables involved are the frequency of accidents
encountered by the drivers as well as the de-
tails of the accident. These include year of ac-
cidents, type of road users, vehicle damaged,
injury, death, the presence of objects, cause of
the accidents, type of road, hospitalized and
whether the accident occurred at a known lo-

cation. Information on gender and age of the
casualties was also obtained. The survey data
were divided according to the level of sever-
ity which were serious injury (n = 73) and
slight injury (n = 167) based on police severity
score (serious or slight injury) (Yannis et al.,
2014).Police classify traffic injuries into three
groups based on their severity as follows :(1)fa-
tal; (2)serious injury and (3)slight injury. Fatal
has been removed due to the unreported acci-
dent is less than 5. As explained previously,
this paper intends to estimate the proportion
of unreported accidents in Malaysia based on
these two sources of data.

There are several studies on matching police
and hospital data and this situation is alarm-
ing that exist in Malaysian scenario (Kamalud-
din et al., 2018); (Mustaffa and Hokao, 2012).
Since we are unable to obtain the insurance and
hospital data, we aim to measure the propor-
tion of underreporting using survey data. For
a fair measurement, we focus only on the acci-
dents occurred in the year of 2013 to 2015. This
will filter out the influence of temporal factor
and number of years of the drivers’ driving ex-
perience.

We will look on the proportion of unre-
ported accidents for overall data based on
two approaches which are direct method and
statistical distribution.
Direct computation (overall proportion of
unreported accidents) :

p̂ =
u

u+ r
(1)

p̂ = proportion of unreported accidents
u = number of unreported accidents
r= number of reported accidents

Next, we estimate the proportion of unre-
ported accidents per driver. We compute the
proportion of unreported accidents as given in
the previous formula for each driver, then we
fit the potential distributions to this proportion
data. Table 1 listed the potential statistical
distributions considered in this study; whereas
Table 2 listed the parameter, mean and vari-
ance for these distributions. The choice of the
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distributions are based on Stroup (2015), in
which for a proportion data with range 0 to
1, beta distribution can be considered. To of-
fer another option of the beta distribution, we
also fit the gamma distribution. Note that for
gamma distribution, zero values is not included
in gamma probability density function. In or-
der to overcome this problem, we changed the
zero value to a very small value which is 1 x
10−7.

We also consider the log of proportion as an-
other measure for the unreported accidents. As
explained by Feng et al. (2014), the log trans-
formation is used to deal with the skewed data.
The distributions fitted to the log (p) is listed
in Table 1.

In this distribution fitting process, the max-
imum likelihood method is employed to esti-
mates the parameter. Details on this method
can be found in Cousineau et al. (2004). Then,
the best distributions for each measures are
identified by comparing the selection criterias
which are Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC) as
used by Alam et al. (2018) and Vrieze (2012).

Table 1: Potential Distributions for Proportion
Variables Potential Distributions

Proportion (p) Beta, Gamma
log (p) Normal, Logistic,

III. Results and Discussion

This section presents the overall results and
related discussions. Section 3.1 provides re-
sults on estimating the proportion using direct
method and section 3.2 discuss about the re-
sults on estimation of proportion using statis-
tical distribution.

A. Direct Method

Table 3 shows the overall proportion of survey
data from the year 2013-2015.

Table 3 shows that survey data has been
matched with PDRM data based on percent-

age level of severity. This procedure is being
made in order to ensure the proportion of un-
reported accidents is a reliable estimate.

Table 4 shows by using the formula, we can
estimate the proprotion of unreported acci-
dents based on survey data. Then we use this
estimate to further predict the unreported ac-
cidents in police’s data as given in the column
below.

We can see based on this crude estimate, it
is estimated about 31000 accidents are not re-
ported for the three years period, resulting on
around 10000 unreported accidents per year.

B. Statistical Distribution

In order to estimate the proportion of unre-
ported accidents per driver, we find the best
distribution by comparing the values of two
criterions, Akaike Information Criterion (AIC)
and Bayesian Information Criterion (BIC).
AIC compares the quality of set of statistical
model and used to decide the best approximat-
ing models while BIC is a criterion for model
selection among a finite set of models. In order
to find the best fitted distribution, we compare
the AIC and BIC. The distribution is best fit-
ted if their AIC and BIC are smallest in value.

Based on Table 5, beta distribution is the
best fitted for proportion of serious injury un-
reported accidents as the AIC and BIC are the
smallest respectively.

Figure 1: Graph of proportion of serious injury

Figure 1 shows the graph of proportion of
serious injury. The graph of proportion lies be-
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Table 2: Parameter, mean and variance of each distributions
Distribution Parameter Mean Variance

Normal µ, σ2 µ σ2

Logistic µ,s µ π3s2

3

Beta α,β α
α+β

αβ
(α+β)2(α+β+1)

Gamma k,θ kθ kθ2

Table 3: Proportion of reported accidents for the Survey Data and PDRM data
PDRM Percentage of PDRM Survey Percentage of Survey

Serious Injury 8365 34.3% 63 34.2%
Slight Injury 15999 65.7% 121 65.8%

Total 24364 100% 184 100%

Table 4: Estimation of unreported accidents for police data
Survey Data PDRM Data

Reported Unreported p̂ Reported ˆUnreported ˆTotal
Accidents Accidents unreported Accidents Accidents Accidents

Serious Injury 63(34.2%) 73(29.8%) 0.54 8365(34.3%) 9820(30.8%) 18185
Slight Injury 121(65.8%) 167(68.2%) 0.58 15999(65.7%) 22094(69.2%) 38093

Table 5: Serious injury for unreported acci-
dents

Distribution p AIC BIC

Beta 0.84 -439.80 -435.22
Gamma 0.90 100.03 104.61

tween 0.80 and 1.00 as shown in the Table 5
which the value of proportion is 0.84.

Table 6: Serious injury for log p
Distribution log p p AIC BIC

Normal -0.29 0.75 229.73 234.31
Logistic -0.09 0.91 134.14 138.72

We also fitted the potential distribution to
another measure, the log of the proportion of
unreported accidents. Based on Table 6, logis-
tic distribution is the best fitted for log p since
the AIC and BIC are the smallest.

Based on Table 7, beta distribution is the
best fitted for proportion of slight injury unre-
ported accidents as the AIC and BIC are the
smallest respectively

Figure 2 shows the graph of proportion of

Table 7: Serious injury for unreported acci-
dents

Distribution p AIC BIC

Beta 0.83 -1027 -1021
Gamma 0.90 236.59 242.83

Figure 2: Graph of proportion of slight injury

slight injury. The graph of proportion lies be-
tween 0.80 and 1.00 as shown in the Table 7
which the value of proportion is 0.83.

Based on Table 8, logistic distribution is
the best fitted for log p. By using the direct
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Table 8: Slight injury for log p
Distribution log p p AIC BIC

Normal -0.31 0.73 537.31 543.54
Logistic -0.10 0.91 338.57 344.80

method, we can estimate the overall proportion
of the unreported accidents. The proportion of
unreported accidents per driver is estimated by
the statistical distribution.

We sample the reported survey data so that
the percentage of accidents based on level of
severity match with the PDRM data. The re-
ported data also carries the info on unreported
traffic accidents. Although the sample is not a
lot, it all lead to same conclusion showing there
exist unreported accidents scenario and cause
serious in predicting the accidents. The dura-
tion of this study is focusing on year of accident
occured from 2013-2015. Our study also cover
limited area therefore, there is a limitation in
this study as we also lack data from hospital
and insurance records. On the other hand, the
results are significant and alarming and should
not be taken lightly. In addition, enforcement
of laws and citizens’ awareness of their respon-
sibility to report crash involvement for all types
of crashes should be improved.

IV. Conclusion

Based on the study findings, the underreport-
ing of traffic accidents scenario did occur in
Malaysia. The proportion for serious and slight
injury per driver are 0.8418 and 0.8340 respec-
tively, estimated by the Beta distribution. It
shows that for a slight or serious accident oc-
curred to a Malaysian driver, approximately 0.8
is not reported. It is also estimated around
20000 serious and 40000 slight accidents are not
reported for the three years considered (2013-
2015), which is an alarming information.

To further understand the traffic safety situ-
ation, complementary data (e.g. self-reported
accidents) are necessary to enhance the cur-
rent crash databases, which could help the pol-
icymakers and practitioners in improving the

planning of preventive road safety measures
and road traffic accidents. The parameters
used in this study can help to identify the dis-
tributions for unreported accidents in Malaysia
hence develop the statistical models to estimate
the unreported accidents in Malaysia.
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