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Abstract

The SHRP2 Naturalistic Driving Study was used to evaluate the impact of
various work zone and driver characteristics on back of queue safety critical
events (crash, near-crash, or conflicts) The model included 43 SCE and 209
“normal” events which were used as controls. The traces included
representing 209 unique drivers. A Mixed-Effects Logistic Regression model
was developed with probability of a SCE as the response variable and driver
and work zone characteristics as predictor variables. The final model indi-
cated glances over 1 second away from the driving task and following closely
increased risk of an SCE by 3.8 times and 2.9 times, respectively. Average
speed was negatively correlated to crash risk. This is counterintuitive since in
most cases, it is expected that higher speeds are related to back of queue
crashes. However, most queues form under congested conditions. As a result,
vehicles encountering a back of queue would be more likely to be traveling at

lower speeds.
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1. Introduction

Rear-end crashes have been noted as one of the predominant types of crashes in
work zones, accounting for up to 51% of work zone crashes. FHWA [1] notes
crashes in work zones are increasing with a 12% increase in fatal work zone crash-
es from 2020 to 2021. A number of factors contributing to rear-end crashes have

been noted such as location within the work zone. Weng and Meng [2] developed
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rear-end crash risk models to examine the relationship between rear-end crash risk
in the activity area and its contributing factors. Model results indicated that
rear-end crash risk at work zone activity areas increases with heavy vehicle per-
centage and lane traffic flow rate. They also found the lane closest to the work area
was prone to higher rear-end crash risk. Additionally, they noted the expressway
work zone activity area had much larger crash risk than arterial work zone activity
area. Yu ef al [3] found a higher severity risk for rear end work zone crash with
full access control and for those that occur before the actual work zone area. They
also found crashes in areas with undivided medians were more likely to be severe.

Congestion is another major contributing factor to rear end crashes. Ullman
et al. [4] conducted an in-depth evaluation of work zone crash narratives from
the Virginia DOT crash database. Almost 65% of rear-end crashes in work zones
were due to slowing/stopping due to work zone presence; 12% were due to
slowing/stopping for flagger, police office, or work zone traffic control; and al-
most 9% were due to changing lanes in work zone. The researchers also esti-
mated that around 24% of all work zone crash types was due to stopping/slowing
due to congestion.

Mekker et al. [5] evaluated three years of crash and crowd-sourced probe ve-
hicle data to assess the impact of queuing versus free flow conditions. They fo-
cused on back of queue (BOQ) crashes rather than just rear-end. Results indicate
commercial vehicles were involved in more than 87% of BOQ fatal crashes
compared to 39% of all fatal crashes during free flow. They also found the con-
gested crash rate was 24 times higher than the uncongested crash rate. Addition-
ally, 90% of congestion-related crashes were for situations where queues were
present for 5 minutes or longer.

Aggressive behavior has been linked to rear-end crash risk in work zones in-
cluding tailgating (<2 second gap), forced merges, and speeding. A study by Ra-
kotonirainy et al [6] investigated the relationship between rear-end crashes and
unsafe following behavior in Queensland, Australia. They evaluated rear-end
crashes in general rather than just work zone related crashes. The researchers
identified 10 rear-end crash hotspots using safety performance functions and the
observed behaviors in those locations. They found tailgating (<2 second gap)
occurred in 55.4% of observations.

Ullman et al [7] conducted an observational study of erratic maneuvers in six
work zone locations in Texas where queueing was expected to be present. They
reported around 2% of observed vehicles engaged in a forced merge and around
1% had a hard braking at one site. Hard braking and forced merge events oc-
curred at other sites, but volumes were not reported so information could not be
compared across sites.

Raub et al [8] analyzed patterns for 110 work zone crashes in Illinois. They
reported rear-end collisions accounted for 56% of crashes in work zones, and
within the work zone area they accounted for 64% of crashes. Officers were
asked to comment on factors leading to the crash. Stopping or suddenly slowing

was noted for 37% of work zone crashes. Following too closely was the second
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most cited factor (24%). Distractions in the work zone were noted for 17% of
crashes. Dissanayake and Akepati [9] evaluated characteristics of work zone
crashes in SWZDI states using a cross-classification method. They reported 9.7%
were following too closely (all crashes not just rear-end).

Speeding was also noted as a factor in 52% of rear-end crashes by Raub et al
[8]. Dissanayake and Akepati [9] reported 8% and Johnson [10] reported 9% of
all work zone crashes were due to speeding. A review of 2014 Fatal Accident
Reporting System (FARS) data indicated that about 30 percent of all fatal crashes
were speeding related, while 71.4 percent of fatal work zone crashes were speed-
ing related. MnDOT noted the main contributing factors to severe work zone
crashes were inattention/distraction (13%), failure to yield (13%), and illeg-
al/unsafe speed (9%) [10]. Li and Bai [11] evaluated crashes in Kansas highway
work zones and found 25% of fatal and 18% of injury crashes were coded as too
fast for conditions or speeding main contributing factor.

Muttart et al [12] reported most fatal rear-end crashes involve a following ve-
hicle traveling 40 to 70 mph which closes on a lead vehicle with a speed differen-
tial greater than 30 mph. They also note that a following distance of less than
two seconds also influence rear end crash risk.

Distraction and inattention have also been reported as contributing factors.
Raub et al. [8] reported distractions accounted for 17% of rear-end work zone
crashes and Johnson [10] reported inattention/distraction was the main contri-
buting factor for 13% of all severe work zone crashes.

Distraction, in general, has been shown to increase crash risk. For instance,
Klauer et al [13] compared crash/near-crashes in the SHRP 2 data to baseline
driving data and found glances of more than 2 seconds away from the roadway
double the risk of a crash/near-crash. Fitch et al. [14] also used naturalistic driv-
ing data to assess the impact of cell phone use on driving performance and
found locating/answering a cell phone increased the risk of being involved in a
safety critical events (SCE) by 3.65 times and use of a handheld cell phone was
associated with 1.39 times increase in SCE.

The objective of the research summarized in this paper was to evaluate back of
queue safety critical events (SCE) in work zones using the SHRP2NDS to assess
contributing driver and roadway factors. Back of queue scenarios were identified
through a review of safety critical events in work zones coded by the Virginia
Tech Transportation Institute (VTTI) (crashes, near crashes, or conflicts) as well
as a review of time series traces in work zones collected for a related project. This
resulted in 46 safety critical events and 283 “normal” events. A mixed
Mixed-Effects Logistic Regression model was developed with odds of an SCE as
the response variable.

2. Data

2.1. Source

The second Strategic Highway Research Program (SHRP2) Naturalistic Driving
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Study (NDS) instrumented the vehicles of naive drivers with an array of sensors
which collected kinematic vehicle data (i.e., speed, acceleration, location) as well
as forward, rear, driver face and over the shoulder video views. Over 30 million
data miles were recorded for 3,400 participants over the three years of the study.
The study took place in Florida, Indiana, New York, North Carolina, Pennsylva-
nia, and Washington.

The SHRP2 Roadway Information Database (RID) was collected simulta-
neously with the SHRP2 NDS study. Mobile data collection was conducted along
with integration of existing roadway and supplemental data acquired from pub-
lic and private sources such as 511 data and traffic volume.

The Virginia Tech Transportation Institute (VITI) and processed the SHRP 2
data. A number of crash, near-crash, and conflict events termed as safety critical
events (SCE) were coded. Back of queue scenarios were identified through a re-
view of these safety critical events. Additional SCE and baseline scenarios where
a driver encountered a back of queue in a work zone were also identified
through a review of time series traces in work zones collected for a related
project which also utilized the SHRP 2 NDS.

In this related project, work zone times events were identified in the SHPR 2
data primarily through use of 511 data which was collected and archived in the
RID. The 511 system allows drivers to receive real-time traffic information on
road closures, accidents, route detours, weather alerts, etc. The 511 data for the
time period coincident with the SHRP 2 NDS data collection (2011 to 2013) were
queried for construction related terms such as “construction”, “lane closure”,
“road work”, “maintenance”. Potential work zones were flagged and then those
which were in place for more than three days retained. Three days was used as a
threshold because it was unlikely that a sufficient number of NDS time series
traces would be available for short-duration work zones. Only events for active
work zones were included. An active work was defined as a work zone having a
lane or shoulder closure which excluded work zones that may have consisted or
a few construction barrels or signs. GPS position was also available which al-
lowed the traces to be linked to corresponding roadway segments. The forward
roadway video clip provided a perspective windshield view for the driver. Static
driver characteristics, such as age, gender, years driving, were also available.

In the process of reviewing work zone traces, a number of events were identi-
fied where the subject driver encountered a back of queue. Each BOQ event was
flagged, and additional data were reduced as described in the following section.
Examples of back of queue events are shown in Figure 1. Back of queue events
included safety critical events as well as events where the driver reacted appro-
priately in response to the upcoming queue (Ze., slowed without a hard braking).
These were termed as baseline or control events.

All potential BOQ SCE were reviewed by the team to ensure they were in a
work zone, involved a scenario where the subject driver encountered an actual
queue, and involved a hard deceleration. Only those that met these three criteria

were included.

DOI: 10.4236/jtts.2024.142011

182 Journal of Transportation Technologies


https://doi.org/10.4236/jtts.2024.142011

S. Hallmark et al.

Figure 1. Examples of back of queue events (image source: VTTI).

2.2. Data Reduction

Various variables were reduced for each available event from both sources.
Roadway Variables
Non-work zone roadway characteristics of interest were extracted for each
time series trace. When roadway characteristics could not be obtained from the
roadway information database, they were extracted from Google Earth, the for-
ward view video, or aerial images. Roadway characteristics included the follow-
ing:
* Number of lanes
* Type of median
e Surface type (asphalt versus concrete)
e Shoulder type
* Speed limit
* Presence of lighting
* Number of uncontrolled intersecting roadways
* Presence and type of traffic control
Work zone configuration and characteristics were coded using the forward
view video and included the following:
* Type and location of barriers
*  Number of closed lanes
* Presence and type of DMS or other intelligent transportation system (ITS)

countermeasures
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e Presence of workers
* Presence of equipment
* Lane shifts
e Temporary pavement markings

Environmental conditions such as time of day (ie, day/night) and weather
(raining/not raining) were also coded using the forward roadway view.

Driver Variables

Driver characteristics (e.g., age, gender, years driving, number of violations)
were included as variables. Viable events were provided to VTTI, and their ana-
lysts coded glance location and distraction. For each event, the driver’s glance

locations and visual distractions were and included the following:

e Forward
o Left

e Right

« Up

¢ Down

* Over the shoulder (not shown in the figure, but involved a glance beyond the
B pillar)

* Center console

* Steering wheel

* Rear view mirror

e Other (used when blinks, squints, or closed eyes lasted more than 10 frames)

* Missing (used when the eyes were obscured or obstructed for more than 10
frames or when video was missing)

Distractions were only coded when they were associated with a glance away
from the forward view. For instance, if a driver was looking forward but talking
to a passenger, that was not coded as a distraction. However, if the driver looked
to the right at the passenger while talking to him/her, that was coded as a dis-
traction. Distractions were coded as follows:

e DPassenger

* Route planning (locating, viewing, or operating a device)
* Moving or dropped object in vehicle

* Animal/insect in vehicle

e Cell phone (locating, viewing, or operating the device)

e IPod/MP3 player (locating, viewing, or operating the device)
* In-vehicle controls

* Drinking/eating

* Smoking

e Personal hygiene

e Other task

Due to sample size, glance location was aggregated as locations where a driver
was attending to the roadway task (ie, forward, rear view mirror) or not at-
tending to the roadway task (ie., down, back, passenger). Distractions, such as
eating, drinking, texting, were coded when they were associated with a glance
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away from the roadway task. This method of defining distraction as a secondary
task associated with a glance away from the driving task was based on the me-
thod used by VTTI as well as other researchers [15] [16]. The distraction cate-
gory included any cell phone related activity where the driver was looking away
from the roadway tasks. Cell phone use was identified when possible and noted.
This was coded as a treated as a separate variable and did not need to be asso-
ciated with a glance away from the driving task. Cell phone use included dialing,
talking, texting, or handling a cell phone. Hands free cell phone use could not be
detected unless it also involved some physical interaction with the phone. As a
result, this definition did not include hands free cell phone activity. Distraction,
glance data, and cell phone were coded for the six seconds before and six
seconds after reaction time. The 6 second window was based on perception reac-
tion time and an assessment of time needed for a driver to execute an evasive
maneuver. Distraction, glance, and cell phone were joined to the corresponding
time series trace using time stamps. The following variables were reduced:

* Cellphone use: subject driver used cellphone at any point 6 seconds before
reaction time to 6 seconds after reaction time regardless of glance location

e Glance: Subject driver was engaged in a glance of 1 or more seconds away
from the forward roadway within the period 6 seconds before reaction time
to 6 seconds after reaction time.

e Cell phone distraction: Subject driver was engaged in a cell phone task
(reaching, texting, talking) which involved a glance away from the forward
roadway within the period 6 seconds before reaction time to 6 seconds after
reaction time

Several additional driver/vehicle variables were recorded for each BOQ event
included the following:

e Reaction time: time stamp where the lead vehicle began braking or slowing
which suggests a need for the following (subject SHRP2 NDS driver) to also
react. The lead vehicle may also have been stopped when the subject vehicle
encountered the back of queue and in this case the point at which the subject
vehicle would have been able to notice the queue was recorded as reaction
time.

e Incident time: time stamp when the following subject vehicle took action in
response to the lead vehicle (i.e., braking, slowing)

e Average speed: average speed for subject vehicle 10 second prior to reaction
time

e Maximum speed: maximum speed for subject vehicle 10 second prior to
reaction time

e STD: standard deviation of speed for subject vehicle 10 second prior to reac-
tion time

e Max acceleration: the maximum acceleration (recorded in g’s) for subject
vehicle 10 second prior to reaction time

o Following: a subjective measure of following behavior for subject vehicle

0 Following closely (<2 seconds)
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0 Following (2 to 3 seconds)
0 Not following (>3 seconds)

3. Methods

3.1. Ethics

This project included use of data from human participants. The team utilized
data from the SHPR 2 data NDS. The SHRP 2 NDS data were collected by and
are managed by the Virginia Tech Transportation Institute (VTTI). Informed
consent was obtained under their institutional review. The team’s access to data
was covered by the Iowa State University Institutional Board Review Board
(Study 19-176-00). Iowa State human subjects research and the activities of the
IRB are guided by the ethical principles outlined in the Belmont Report, and by
applicable regulations governing human subjects research. The team submitted
an application to and received approval from the ISU IRB. The data received
from VTTI did not contain any personally identifiable information.

3.2. Model Development

Back of queue scenarios were identified through a review of safety critical events
in work zones coded by the VTTI (crashes, near crashes, or conflicts) as well as a
review of time series traces in work zones collected for a related project as de-
scribed in the previous section.

Safety critical events (ie., crash, near-crash, and conflicts) in the SHRP 2 data
were typically classified as a deceleration of 0.5 g or higher and/or an evasive
maneuver. Other deceleration thresholds were also considered for the analysis
described in this paper (ie, 0.4 g). Klauer et al [13] evaluated different braking
thresholds in the 100 Car Naturalistic Driving Data. They categorized driving
behavior as safe (—0.30 to —0.39), moderately safe (—0.40 to —0.49), and unsafe
(-0.5 to —0.59). Kusano and Gabler [17] evaluated rear-end crashes from the
National Automotive Sampling System / Crashworthiness Data System. They
found an average deceleration of 0.52 g. Another study by Aoki et a/ [18] con-
ducted a simulator study where volunteers were subjected to a crash situation.
The result from this study also showed an average braking deceleration of 0.39 g.
Several other studies have defined hard braking events as > 0.45 g [19] [20] [21].
Wood and Zhang [22] defined crash and near-crash rate of 0.41 g and 0.45 g.

Since some variability existed in what researchers have categorized as the
threshold between a near-crash and regular driving event, three different models
were developed. The response variable was first defined as a safety critical event
using the initial definition of a crash/near-crash of 0.5 g. Models were also de-
veloped using a threshold of 0.3 g or 0.4 g. This increased the sample size of cas-
es meeting the criteria for safety critical events as well as increasing the number
of predictor variables associated with the additional cases. However, use of the
different thresholds resulted in similar results as the first model. Since the defi-
nition used by VTTI has been consistently utilized in SHRP 2 analyses, that de-
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finition was used and SCE were defined as a crash, an event with a deceleration
of 0.5 g or higher, or an event with an evasive maneuver. This resulted in 46
safety critical events (SCE) and 283 “normal” events which were used as con-
trols.

A review of the data indicated that several drivers were represented multiple
times in both SCE and control events. This could have been accounted for using
a repeated measures variable for drivers in the model. However, most drivers
only had one observation and an assessment of initial model results suggested
the small sample of drivers with multiple observations was skewing results.
Consequently, drivers with more than 2 events were randomly sampled and only
2 events per driver were ultimately included in the model. This reduced the
sample to 219 “normal” traces with 43 SCE representing 209 unique drivers.

A Mixed-Effects Logistic Regression model was developed with probability of
a SCE as the response variable. Mixed-effects logistic regression models are
commonly used for binary responses, often arising in transportation-related
problems [23] [24]. Models with mixed effects have two components: fixed and
random. The former explains the relationship between the independent va-
riables, while the latter accounts for statistical dependence induced by elements
of the same group, e.g., observations from the same individuals or work zones.

Various models were tested using predictor variables which included driver
age, driver gender, driver distraction (“Distraction”), cell phone use (“Cell-
phone), distraction involving a cell phone (“Cell Distraction”), maximum speed
before reaction, average speed, roadway type, following behavior, type of work
zone (Ze., no closures, shoulder closure, lane closure), type of barrier (ie., con-
crete, barriers), and time of day.

A mixed effects logistic regression model was developed to assess the rela-
tionship between probability of an SCE and roadway, driver, and work zone
characteristics. The variable Y; was the event type for the i-th trace. For the
event type model, the possible values are Y; =0 if the drive had a “normal
reaction” and Y if it wasa “SCE.”

That is,

Y, ~ Bernoulli(p,)

where the probability of and SCE, p;, is associated to the independent va-
riables through the logit function:

logit(p;) =X/ B,
where X, are the covariate values, and S the fixed parameters. The logit
function is defined as
; p
logit(p)=log| — |.
git(p)=log (1_ pj
The logit function facilitates the interpretation of the parameters /3, since it

represents the log-ratios. The vector B has a size of k+1 representing the

parameter estimates for the k covariates plus the intercept estimate. If the |
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-th entry represents a binary variable (eg., sex: 1 = male, 0 = female) and
exp( ﬁ’j ) =1.02, then it means that observations with the presence of such varia-
ble are 2% more likely to have a near crash reaction.

For both models, stepwise forward selection was used. The selection criterion

was the Akaike information criterion (AIC).

4. Results

A Mixed-Effects Logistic Regression model was developed with probability of a
SCE as the response variable and driver and work zone characteristics as predic-
tor variables. The final model indicated glances over 1 second away from the
driving task and following closely increased risk of an SCE by 3.8 times and 2.9
times, respectively.

The final best model included whether a driver glanced away from the road-
way task at least once for 1 or more seconds (Glance +1), following status (Fol-
lowing), and average speed (Avg_Spd) in the 6 seconds before the reaction time.
The latter variable was included through a spline to allow it some flexibility.
Model fit statistics are provided in Table 1. Model results are shown in Table 2.

Table 1. Anova results.

Term F-statistic df p-value
Glance + 1 5.7402 1 0.0166
Following 11.0798 2 0.0039

Avg_Spd 5.0076 2 0.0818

Table 2. Model estimates.

Variable Estimate Esrtr‘tr z value g:tcll; Pr (>|z|)

(Intercept) —0.7453 1.1999 -0.6212 0.5345

Glance + 1 1.3339 0.5467 2.4397 3.80 0.0147

Following -0.3172 0.6054 —0.5239 0.73 0.6003

Following Closely 1.0698 0.5615 1.9052 2.91 0.0568
bs(before_react_avg_speed, degree =2)'  —1.3995 2.2424 -0.6241 0.25 0.5326

bs(before_react_avg_speed, degree=2)2 -2.4256 1.1141 -2.1772 0.09 0.0295

As noted in Table 2, involvement in an SCE was 3.8 more likely if the driver
was engaged in a glance away from the roadway task of 1 or more seconds (p =
0.0147). When a driver is following closely (<2 seconds) they are 2.91 times
more likely to be involved in an SCE (p = 0.0568) than when not following.
Drivers following another vehicle (within 2 to 3 seconds) were less likely to be
involved in an SCE, but this difference was not statistically significant (p =
0.6003) and was only included in the model since other conditions for following

were included.
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The average speed of the subject driver was also significant. Since the rela-
tionship is non-linear, the odd ratios cannot be interpreted directly. The rela-
tionship is shown graphically in Figure 2. As noted, drivers are more likely to be
involved in a SCE at lower speeds than higher speeds. This is counterintuitive
since in most cases, it is expected that higher speeds are related to back of queue
crashes. However, most back of queue work zone events occur in urban areas
where lower speed limits are present than for rural areas and congestion are
more likely to result from work zone presence resulting in lower speeds.

It should be noted that the metric only reflected actual speed of subject ve-
hicle. In most cases, work zone speed limit could not be determined, nor could
the speed of prevailing vehicles. As a result, while speed was included in the

model, speeding could not be determined.

80% -

60% -

= 40% A

Probability of SCE

20% -

0%

0 50 100
Average Speed in km/h

Figure 2. Relationship between average speed and probability of a BOQ safety critical

event.
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Figure 3. Relationship between cell phone use and safety critical events.
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Cell phone use and cell phone distraction were not statistically significant.
This may be due to small sample size. Cell phone use was only present in 42 of
the 252 events. A simplistic comparison of the data indicates 28% of drivers in-
volved in a back of queue SCE were using a cell phone compared to 5% of driver
in the baseline as shown in Figure 3. Hence, drivers involved in an SCE were
more than 5 times more likely to be engaged in a cell phone task as those in-

volved in a “normal” work zone back of queue event.
5. Discussion

5.1. Limitations

Several limitations were present in the study. The main limitation was sample
size. Several thousand traces through work zones were reviewed for a related
project and when present a back of queue event was flagged. Even with this
quantity of data, the number of back of queue events was small. This resulted in
only slightly more than 220 back of queue events. Limited sample size may have
impacted the ability to identify relationships. As noted, cell phone use was five
times more likely to occur in SCE than for normal back of queue events, but the
statistical significance could not be determined. Distraction may also be corre-
lated to back of queue SCE but there were not sufficient distractions to pick up a
relationship. Glances away from the forward roadway included glances away
with an associated distraction as well as just glances away but the impact of dis-
traction alone could not be confirmed.

Another limitation is that glance location in the SHRP2 data is coded from
driver head position rather than use of eye tracking devices. It is only possible to
identify glances to general locations rather than to specific objects. Consequent-
ly, it was not possible to determine what drivers were looking at. It would have
been insightful to determine whether drivers were distracted by work zone ele-

ments, such as workers.

5.2. Practical Applications

The study findings can assist transportation agencies in addressing driver beha-
viors which impact back of queue conflicts. First, the study found activities
which engage the driver’s attention away from the roadway task for 1 or more
seconds increased the likelihood of a back of queue safety critical event in work
zones. Additionally, although not statistically significant, there was some evi-
dence that cell use in use in general increased risk. The analyses also reinforce
the concept that drivers engaged in glances away from the roadway tasks drove
differently in work zones. Coupled with the body of work that has indicated dis-
traction and cell phone use to negatively impact driver behavior, the efficacy of
hands free or cell phone laws in work zones is reinforced.

Aggressive driver behavior, in particular speeding and following closely, have
also been shown to contribute to rear-end crash risk in work zones. The role of

following closely was confirmed by this study. Speeding and following closely

DOI: 10.4236/jtts.2024.142011

190 Journal of Transportation Technologies


https://doi.org/10.4236/jtts.2024.142011

S. Hallmark et al.

may be addressed by queue warning systems (QWS). Other countermeasures
such as dynamic speed feedback signs or enforcement may also be effective for

these types of behaviors.

6. Conclusion

The main purpose of this study was to assess driver behavior as they approached
back of queues in work zones. Back of queue events related to work zones were
identified in the SHRP2 NDS. The advantage to the SHRP2 NDS was the ability
to review driver behavior before the event. Speed, cell phone use, distraction,
and glance location were extracted and included in the analysis. Work zone cha-
racteristics such as type (ie., lane or shoulder closure) and type of barrier
present were also coded and used as covariates.

SCE were defined as crash, near -crash, or conflict using a threshold decelera-
tion of 0.5 g or higher and/or an evasive maneuver occurred. Using this defini-
tion, the model included 43 SCE and 219 “normal” events which were used as
controls. The traces included representing 209 unique drivers.

A Mixed-Effects Logistic Regression model was developed with probability of
a SCE as the response variable and driver and work zone characteristics as pre-
dictor variables. The final model indicated glances over 1 second away from the
driving task and following closely increased risk of an SCE by 3.8 times and 2.9
times, respectively. Average speed was negatively correlated to crash risk. This is
counterintuitive since in most cases, it is expected that higher speeds are related
to back of queue crashes. In most cases, work zone speed limit could not be de-
termined, nor could the prevailing speed of traffic be determined. As a result, the
metric for speed only indicated the speed for the subject vehicle. Whether the
vehicle was over the posted work zone speed limit or was traveling too fast for
prevailing conditions could not be determined. As a result, there is likely a rela-
tionship between speeding and increased work zone safety risk which could not
be determined from the model.

Cell phone use was not statistically significant (likely due to sample size).
However, a simplistic analysis suggested drivers engage in an SCE were more
than five times more likely to be engaged in a cell phone task than drivers in-
volved in a normal back of queue event.

Results are consistent with other studies which have found following closely
[4] [6] [8] [9] as a contributor to rear-end crashes. Additionally, studies have in-
dicated that glances away from the roadway task and cell phone use increase
crash risk in general [13] [14] [25]. Human factors research in simulated work
zones has shown that drivers talking even hands-free were slower to respond,
narrowed their eye scanning behavior, and were less likely to check their mirrors
in a lane change [26] suggesting a greater likelihood of crashes in work zones
when talking on the phone, even hands-free.

No work zone characteristics (Ze., type of barrier, number of lanes closed)
were statistically significant in the model. While they are also likely to have an

impact on likelihood of a back of queue SCE, there were likely not sufficient in-
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stances of a particular work zone characteristic to show statistical relevance.

The main contribution of this study compared to the existing literature is that
information about driver behaviors could be included to assess what drivers
were doing as they encountered a back of queue. For instance, the study showed
that drivers glancing away from the roadway tasks or engagement in cell phone
activities increased the likelihood of a rear end SCE in work zones. Most other
studies that have assessed rear end crash risk in work zones have utilized crash
data which do not include these driver factors. Additionally, this study quanti-
fied whether drivers were following closely and able to confirm that following

too closely was a major contributing factor.
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