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a  b  s  t  r  a  c  t

Underreporting  is a well-known  issue  in  crash  frequency  research.  However,  statistical  methods  that  can
account  for underreporting  have  received  little  attention  in  the  published  literature.  This paper  compares
results  from  underreporting  models  to models  that account  for  unobserved  heterogeneity.  The  difference
in  the elasticities  between  the  negative  binomial  underreporting  model  and  random  parameters  negative
binomial  models,  which  accounts  for unobserved  heterogeneity  in crash  frequency  models,  are  used as
the  basis  for  comparison.  The  paper  also  includes  a comparison  of the predicted  number  of unreported
PDO  crashes  based  on the  negative  binomial  underreporting  model  with  crashes  that  were  reported  to
police  but  were  not  considered  reportable  to  PennDOT  to  assess  the ability  of  the underreporting  models
to  predict  non-reportable  crashes.

The data  used  in  this  study  included  21,340  segments  of  two-lane  rural  highways  that  are  owned  and
maintained  by PennDOT.  Reported  accident  frequencies  over  an  eight  year  period  (2005–2012)  were
included  in  the  sample,  producing  a total  of 170,468  segment-years  of  data.  The  results  indicate  that  if a
variable  impacts  both  the  true  accident  frequency  and  the  probability  of accidents  being reported,  statisti-
cal  modeling  methods  that  ignore  underreporting  produce  biased  regression  coefficients.  The  magnitude
of  the  bias  in  the  present  study  (based  on elasticities)  ranged  from  0.00–16.79%.  If the variable  affects
the  true  accident  frequency,  but not  the probability  of accidents  being  reported,  the results  from  the
negative  binomial  underreporting  models  are  consistent  with  analysis  methods  that  do  not  account  for
underreporting.

Published  by  Elsevier  Ltd.

1. Introduction

Underreporting of undesirable events, such as accidents (e.g.,
industrial accidents, worker-related accidents, traffic accidents,
etc.), is a well-documented issue (Brookoff et al., 1993; Kamura and
Chin, 2005; Kemp, 1973; Leigh et al., 2004; Lord and Mannering,
2010; Probst and Estrada, 2010; Probst and Graso, 2013; Probst
et al., 2013). A growing body of literature has considered the
impacts of underreporting crash severity models (Patil et al., 2012;
Yamamoto et al., 2008; Yasmin and Eluru, 2013; Ye and Lord,
2006). However, consideration of the impacts of underreporting
on statistical inference in crash frequency analysis has received lit-
tle attention (Hauer and Hakkart, 1988; Hauer, 2006; Kamura and
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Chin, 2005; Kemp, 1973; Ma  and Li, 2010). Traffic crash reporting
depends on several factors, including:

1. The level of vehicle damage, which is often used as a measure to
determine if a crash event is reportable (Hauer, 2006),

2. the most severe level of injury among the driver(s) or passengers
involved in the crash (i.e., more severe crashes, such as fatal or
severe injuries, are more likely to be reported) (Kemp, 1973; Patil
et al., 2012; Yamamoto et al., 2008; Yasmin and Eluru, 2013),

3. the willingness of those involved in the crash to report the crash
to the police, which may  be influenced by insurance cost consid-
erations (Hosios and Peters, 1989),

4. the willingness of the responding officer to file a crash report
(e.g., if the officer judges the level of damage to be significant
enough), and

5. the accuracy of reporting the crash with regards to the location,
severity, and other factors.
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These factors clearly indicate that crash counts are underre-
ported due to multiple non-random factors leading to selection bias
in the reported crashes.

In a summary of research attempting to estimate the levels of
crash underreporting, estimates found ranged from 11 to 65% for
all crashes, 46–62% for non-injury (property damage only) crashes,
7–80% for injury crashes, and 0–9% for fatal crashes (Hauer and
Hakkart, 1988). Different underreporting rates among the various
severity levels is intuitive because legal and financial issues lead to
many non-injury and minor injury crashes not being reported. For
example, these low severity crashes may  go unreported because
there is not enough vehicle damage sustained in the crash, or
drivers may  fear increased insurance costs if the crash is reported.
For fatal crashes, underreporting is unlikely but may  happen if there
are errors in reporting the crash location, or if there is a lack of
follow-up to know whether a fatality has occurred after an indi-
vidual involved in a crash has left the crash location (crashes are
considered fatal if anyone involved in the crash dies within 30 days
of the crash due to crash-related injuries (National Highway Traffic
Safety Administration, 2014)).

More recent research has attempted to estimate the levels of
underreporting based on the injury severity level by combining
crash and hospital data (Abay, 2015; Alsop and Langley, 2001;
Amoros et al., 2006; Elvik and Mysen, 1999; Rosman and Knuiman,
1994). These studies have provided evidence of underreporting,
with levels similar to those reported by Hauer and Hakkart (1988),
but have not provided solutions for dealing with underreporting in
crash frequency modeling.

Due to the correlation between the severity of the crash and
the probability of it being reported, the determination of whether
changes in the number of reported crashes is due to changes in
the crash severity distribution or changes in the actual number
of crashes that occurred (or a mixture of both) is unaccounted
for in the majority of crash frequency research (i.e., limited to
modeling crash frequency by severity if accounted for at all). Under-
reporting has been accounted for in multiple crash severity studies
(Kockelman and Kweon, 2002; Patil et al., 2012; Quddus et al., 2010;
Yamamoto et al., 2008; Ye and Lord, 2006). However, only three
research articles were found that attempt to model underreport-
ing in crash frequency models (Kamura and Chin, 2005; Ma and
Kockelman, 2006; Ma  and Li, 2010). One of these studies used a
maximum likelihood approach (Kamura and Chin, 2005) while the
other two studies used Bayesian estimation methods to estimate
Poisson underreporting models (Ma  and Kockelman, 2006; Ma  and
Li, 2010).

The purpose of this paper is to account for underreporting in the
development of crash frequency prediction models using two-lane
rural highway data from Pennsylvania. The results are compared
to commonly used models of crash frequency. This is done by
using both Poisson underreporting models with random intercepts
and negative binomial underreporting models. The underreport-
ing model results are then compared to the most common type
of regression in traffic safety that accounts for multiple sources of
unobserved heterogeneity (i.e., random parameters negative bino-
mial models that include the same predictor variables) (Mannering
et al., 2016), without considering underreporting. Finally, the
underreporting models for property damage only (PDO) crashes
are compared with observed non-reportable crashes to ascertain
whether the prediction made from underreporting models can be
used to predict the levels of crash underreporting.

2. Background: heterogeneity in count models

Count regression models have been applied in many fields
of research. Recent trends in transportation safety indicate a

strong push toward the use of random parameters count models
(Mannering and Bhat, 2014). The random parameters are said to
capture unobserved heterogeneity, which is explained as the vari-
able with the random coefficient being correlated with one or more
unobserved variables which affect the outcome (Mannering and
Bhat, 2014). However, the random parameters may  also be pick-
ing up other sources of heterogeneity such as incorrect functional
form (Mannering et al., 2016), missing important interactions, or
measurement error.

One potential source of unobserved heterogeneity that the ran-
dom parameters model may  capture is related to underreporting.
If there is both a counting process and a reporting mechanism
that results in an observed count outcome, a random parameter
may indicate that underreporting is associated with the variable
if the variable is correlated with underreporting (i.e., the random
parameter may  be picking up the incorrect functional relationship
between the crash counts and the variable). Thus, if the latent
underreporting process was modeled, the variable would be a
predictor of the probability that a crash was reported. When a
regression model incorporates both a reporting and count model,
the latent reporting process is approximated (providing a model
that can be used to predict the number of unreported crashes).
Although there is no guarantee that these models perform better
or are more useful than random parameters models for predicting
observed counts, they may  be useful to practicing engineers in pre-
dicting unreported crash counts. This is an issue of model validation
that is investigated in this paper.

Another potential issue related to underreporting of crashes
is that when a variable affects both the number of crashes and
the probability of crash reporting, the regression estimate for that
variable is biased due to endogeneity if the mechanism for crash
reporting is not accounted for (since endogeneity occurs when-
ever one or more predictor variables are correlated with the error
term (Greene, 2011; Kennedy, 2008)). Even when the parameter
is modeled as a random coefficient, the estimate may not be good
for predictive purposes. Given that regression estimates for crash
frequency are often used for prediction in transportation engineer-
ing, developing models that provide accurate predictions is of great
importance.

Regression methods that model the latent reporting process,
along with the counting process, have been applied in safety
research (Kamura and Chin, 2005; Ma  and Li, 2010), but have not
been compared with random parameters models or other models
that account for unobserved heterogeneity. The majority of safety
research that accounts for underreporting of crashes focuses on
severity modeling, which does not directly model the latent under-
reporting process.

3. Methodology

Crash frequency prediction models are often developed using
negative binomial regression methods to account for overdisper-
sion common in reported crash data (AASHTO, 2010; Lord and
Mannering, 2010). These models take the form shown in Eq. (1)
(AASHTO, 2010; Wood et al., 2015a).

�i = LˇLi · AADTˇAADTi · exp

⎛
⎝ˇint ercept +

J∑
j=1

ˇjXj

⎞
⎠ (1)

Where�i = the reported crash frequency (i.e., the number of
crashes per year for road segment i), Li = the length of segment
i, ˇL = the estimated coefficient for segment length, AADTi = the
average annual daily traffic for segment i, ˇAADT = the estimated
coefficient for AADT, Xj = predictor variable j of J predictor vari-
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