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Abstract 
This study develops a procedure to rank agencies based on their incident 
responses using roadway clearance times for crashes. This analysis is not in-
tended to grade agencies but to assist in identifying agencies requiring more 
training or resources for incident management. Previous NCHRP reports 
discussed usage of different factors including incident severity, roadway cha-
racteristics, number of lanes involved and time of incident separately for es-
timating the performance. However, it does not tell us how to incorporate all 
the factors at the same time. Thus, this study aims to account for multiple 
factors to ensure fair comparisons. This study used 149,174 crashes from 
Iowa that occurred from 2018 to 2021. A Tobit regression model was used to 
find the effect of different variables on roadway clearance time. Variables that 
cannot be controlled directly by agencies such as crash severity, roadway type, 
weather conditions, lighting conditions, etc., were included in the analysis as 
it helps to reduce bias in the ranking procedure. Then clearance time of each 
crash is normalized into a base condition using the regression coefficients. 
The normalization makes the process more efficient as the effect of uncon-
trollable factors has already been mitigated. Finally, the agencies were ranked 
by their average normalized roadway clearance time. This ranking process 
allows agencies to track their performance of previous crashes, can be used in 
identifying low performing agencies that could use additional resources and 
training, and can be used to identify high performing agencies to recognize 
for their efforts and performance.  
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1. Introduction 

When crashes occur, they can result in added congestion for other roadway us-
ers as well as increased risk associated with secondary collisions. Previous stu-
dies suggest that the occurrence of secondary crashes is highly influenced by the 
duration of clearance time [1] [2] [3] [4]. Thus, a prime concern for emergency 
responders is to minimize the clearance time of any event on the roadway. The 
national-level Traffic Incident Management (TIM) program has three main ob-
jectives: 1) Reduce roadway clearance time, 2) reduce incident clearance time, 
and 3) reduce the number of secondary crashes [5]. As these all are measurable 
metrics, performance measures can be defined for these objectives which are ex-
pected to be met by emergency response teams. These performance measures 
vary across regions and specific values are often used for particular facilities. 
Performance evaluations based on performance measures for these objectives are 
essential for allocating resources and improving TIM responses. However, there 
is a lack of published literature on methods for performing these evaluations and 
comparing agencies for the purpose of providing additional training, resources, 
etc. to improve TIM programs and responses. To fill that research gap, this study 
proposes a framework for performance evaluation of emergency response teams 
based on observed roadway clearance times.  

2. Literature Review 

The Federal Highway Administration (FHWA) defines roadway clearance time 
(RCT) as the “Time between first recordable awareness of incident by a respon-
sible agency and first confirmation that all lanes are available for traffic flow” 
and incident clearance time (ICT) as “the time between the first recordable 
awareness and the time at which the last responder has left the scene” [5]. The 
previous research related to incident clearance time consists of two main catego-
ries: prediction of clearance time and impact of influential factors on clearance 
time. The scope of this study matches the latter of these—important factors im-
pacting clearance time. For ranking the agencies, this study utilizes variables that 
impact the clearance time to make adjustments (i.e., making the average ad-
justed clearance times fair for comparison across agencies).  

Primarily, this study collects influential factors suggested by previous litera-
tures. For instance, one study discussed the time-varying effect of influential 
factors on incident clearance time by using a hazard-based model and found 18 
variables that impact the incident clearance time significantly [6]. For example, 
injury involved, fire involved, AADT, summer, disabled vehicle, collision type, 
single lane blocked, multiple lanes blocked, short response time, medium re-
sponse time, long response time, debris, abandoned vehicle, heavy truck in-
volvement, nighttime, weekends, and traffic control were found to be significant 
predictors for incident clearance times. In a similar study, the factors influencing 
the response and clearance time were investigated along with incident reporting 
by using a copula-based approach [7]. This study included incident characteris-
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tics, traffic characteristics, roadway characteristics, and environmental characte-
ristics in their model. This study found that incidents involving multiple ve-
hicles, tire service, morning and evening peak, and night-time incidents in-
creased the roadway clearance time and, on the other hand, police reported cas-
es, summer months, and weekends decreased the clearance time [7]. Moreover, 
the study observed that the location of a crash is related to clearance time and 
usually the longer distance from the central business district increases the total 
incident duration.  

Another group of researchers predicted the clearance time by combining four 
statistical and four machine learning models which were used frequently in the 
previous studies [8]. The significant variables impacting the clearance time are 
estimated from information gained from the machine learning models. Among 
those variables, lane closure and incident type were significant for all machine 
learning (ML) and statistical models. The month of the year, High Occupancy 
Vehicle (HOV), and weather variables were significant in ML models only. 
However, the variables related to the number of injuries and response time were 
not found significant from the ML model. Although, other studies have also 
found all these variables to be important [6]. Another study predicted freeway 
incident clearance time using the gradient boosting decision tree method and 
found that the incident response time and traffic volume were the variables with 
the highest predictive power [9].  

While searching for relevant literature, it was found that the previous studies 
mainly focused on prediction accuracy whereas the focus of our current paper is 
on the interpretation and estimation of influencing factors that will help create 
agency ranks based on their performance measure metrics. The definition of 
performance measures can be described as “performance measures are standards 
that express the degree to which tasks are accomplished efficiently and effective-
ly” [10]. In practice, performance measure goals for Traffic Incident Manage-
ment (TIM) are mostly agency-specific and those agencies are police and public 
safety officials. Usually, both the transportation and public safety/police depart-
ments have the same set of performance measures: Reducing the response time 
and Reducing the clearance time.  

The following section describes the performance appraisal systems docu-
mented in previous incident management reports. A study was developed by 
using a regression-based model combining the variables: road name, direction of 
travel, time of day and vehicle position [10]. The authors calculated the pre-
dicted dispatch time and fixed the benchmark with one standard deviation from 
the mean. Use of the variables—specific roads (e.g., 95th street) and direction of 
travel might be useful for dispatch time, but it also may not have a direct impact 
on roadway clearance time. Moreover, the position of the vehicles gave some 
results which are complicated to anticipate and utilize. For example, vehicle po-
sition: Lane 1 shows 6.5 minutes of addition in the dispatch time. Whereas, Lane 
2 shows 28.5 minutes decrease in the clearance time. There should be reasonable 
explanations that lead to such a big difference in the results. Furthermore, using 
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the one standard deviation as a benchmark might not give proper performance 
measure goals that should be followed by agencies. Another study suggests that 
the performance measure process is evaluated by incident or injury severity, 
roadway type, vehicle type, notification of incidents, etc. [11]. For further con-
textualization, it was suggested to use the weather condition, lighting condition, 
roadway condition, incident in the work zone, number of towing services, etc. 
These variables are important for performance measures, but the report does not 
provide how to use the combined effect of these variables. Some regions follow a 
fixed value for performance measures such as clearing all incidents within 90 or 
120 minutes for a particular injury type [12]. But, using injury type alone to dif-
ferentiate performance measures is not actually helpful in identifying agency 
performances, as each crash incident under an agency has multiple characteris-
tics which need to be considered for performance evaluation. In another study, 
roadway clearance time was modeled with peak hour, response time, number of 
lanes blocked, and number of incident response team members [13]. Further-
more, the investigators modeled the total incident duration with incident type 
and roadway clearance time. But, both the roadway clearance time and total in-
cident duration can be impacted by the same set of variables that are omitted in 
the model and might lead to endogeneity issues.  

3. Objective 

Evaluating the performances of agencies depending on clearance times is a mul-
ti-criteria-based decision-making process and should not be handled by a fixed 
threshold of clearance time. However, current ranking methods in traffic safety 
research account mainly for crash hotspots which is often a single and direct ap-
proach for ranking sites for potential improvements [14]. Developing a proper 
performance evaluation is crucial as it helps allocate resources that shape an 
agency's future performance. A relevant study showed how the performance 
evaluation helps improve agencies’ responses and found that the low performing 
agencies aspire to improve to be above average and the high-performance agen-
cies want to improve performance relative to their own [15]. While searching for 
relevant literature, it was difficult to find any comprehensive ranking framework 
for transportation agencies to the best of our knowledge. In this regard, our 
study provides an extensive framework for ranking incident management agen-
cies depending on their performance measures (i.e., Roadway clearance time).  

4. Data Description  

This study has used crash data from the state of Iowa, provided by Iowa De-
partment of Transportation (DOT), which comprises 150,004 crashes from June 
2018 to August 2021. This dataset contains both the incident clearance time and 
the roadway clearance time. Staying true to the objective, this study has devel-
oped the ranking method based on the roadway clearance time. In addition to 
that, all 99 counties in Iowa and their respective 373 accident response teams 
were considered in this study to rank according to their historical performance. 
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The accident response teams are mainly police and public safety agencies who 
ensure the safe and rapid clearance of incidents [10]. Regarding variable selec-
tion for modeling the roadway clearance time (RCT), this study included va-
riables which cannot be controlled by the response teams. For example, a re-
sponse team cannot control the weather or environmental conditions during a 
crash incident. The dependent variable for this modeling purpose is RCT and all 
the independent variables in the dataset are mostly categorical variables. For all 
the sub-categories under each category, indicator variables were used. The cate-
gorical variables, their base category and counts of the base categories (Among 
149,174 crashes) are listed in Table 1. 

This study included multiple filtering steps before using the data in the final 
model. First the dataset was filtered with a 99.5 percentile value RCT which is 
306 minutes (larger values removed). Some crashes had roadway clearance time 
= 0 minutes which might be due to some error and noise in the data or due to all 
vehicles involved driving off the road before reporting the collision. Those are 
also removed from the dataset. Additional filtering was done depending on the 
counts of each categorical variable. Apart from the property damage cost esti-
mate, all the used variables in this model are categorical. The final dataset has 
149,174 crashes with roadway clearance time. Figure 1 shows the histogram of 
RCT for these 149,174 crashes. 

5. Methodology 

The main objective of this study is to rank agencies to understand where addi-
tional training and resources can be used to improve the overall system. The 
whole ranking process is carried out in two steps: 

1) Modeling: This gives the coefficient estimates of the variables; 
 

 

Figure 1. Histogram of roadway clearance time (in minutes). 
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Table 1. Variable list and description. 

Variable Name Base Category Definitions’ 
Count of 

Base Category 

Cost of Property Damage 
(in thousands) 

Continuous Variable - 

Time of Crash Continuous Variable - 

No. of Vehicles Continuous Variable - 

Total Occupants Continuous Variable - 

Crash Year of the Accident 2018 25,853 

Manner of Crash Collision Non-Collision (single vehicle) 40,403 

Major Cause Ran Stop Sign 4530 

Drug or Alcohol Related Drug Related 598 

Contributing 
Circumstances - Environment 

None Apparent 111,695 

Primary Weather Conditions Clear 86,054 

Light Conditions 
(If the Roadway is lighted) 

Daylight 92,214 

Surface Condition Dry 94,678 

Lane Direction North Bound or East Bound 171 

Overpass or Underpass On Overpass 833 

Month of the accident January 13,634 

Light Condition of the Environment Daylight 99,369 

Location of First Harmful Event Outside Traffic Way 4064 

Rural or Urban Rural 49,377 

Roadway System Local Road 56,956 

On Ramp/ Off Ramp On Ramp 4946 

Roadway Class Institutional Road 455 

Intersection Class Institutions 85 

Road type 
Intersection: 

Intersection with Ramp 
1071 

Paved or not Unpaved 6795 

Severity Level Property Damage Only 106,002 

Work-zone related or not Work-Zone Related 1841 

 
2) Ranking: This ranks the agencies on mean adjusted roadway clearance time 

(RCT) where adjustments are made using the coefficient estimates from the re-
gression model. 

Figure 2 represents the flowchart of the methodology used in this study. As 
indicated, Tobit Regression is used for normalization. Details of the Tobit  
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Figure 2. Flowchart of methodology. 
 
regression method and consideration of survival models for the methodology are 
provided below.  

In the dataset, the RCT ranges from 1 to 306 minutes. To determine the rela-
tionship of the predictor variables with RCT, a Tobit model is used. Tobit model 
is a regression method where the linear relationship between the dependent va-
riable and independent variable is estimated given that the dependent variable is 
left censored, right censored, or both. Otherwise, it has similar properties as li-
near regression. In this study, the RCT cannot be negative so the model is left 
censored. Equation (1) shows the model specification: 

0 1 1 2 2i n nx x xµ β β β β= + + + +�                   (1) 

where μi = the predicted value of the outcome (i.e., roadway clearance time), βi = 
an estimated coefficient, and xi = predictor variable i. Using this specification, 
the outcome (yi) is shown in Equation (2); 

i i iy µ ε= +                              (2) 

where εi = the error term which is approximately normally distributed. 
For the Tobit model, it is typically estimated using maximum likelihood pro-

cedures. The log-likelihood utilizes the fact that the outcome is truncated at val-
ue YL. The log-likelihood function for the Tobit is provided in Equation (3) [16]. 

( ) ( )( )
1

1log 1 log 1
n

j j j j
j j

j

y y
LL I y I y

µ µ
ϕ

σ σ σ=

 −   −    
= + − −Φ               
∑    (3) 

where, I(yj) = 0 if yj < YL, I(yj) = 1 if yj ≥ YL, φ = the probability density function 
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of the standard normal distribution, Φ = the cumulative density function of the 
standard normal distribution, and σ = the estimated latent standard deviation of 
the residuals. For this analysis, YL = 0 and the lowest reported time in the dataset 
is 1 minute. Thus, Equation (3) can be simplified to Equation (4). 

( ) ( ) ( )2 3 log log 2 log 1
4 2 2

y un n yLL µσ
σ σ

∑ −  −  = − − π − + ∑ −Φ  
  

  (4) 

The CDF of the normal distribution does not have a closed form, so Equation 
(4) cannot be easily expanded. However, implementing Equation (4) in maxi-
mum likelihood estimation is straightforward. 

As with linear regression, here are four major assumptions related to Tobit 
regression models [17]. They are: 

1) Linearity: the dependent variable has a linear relationship with the response 
variable; 

2) Homoscedasticity: The distribution of the error terms (εi) has constant va-
riance; 

3) Independence: The error terms (εi) are independent of each other; 
4) Normality: The error terms (εi) are normally distributed. 
After estimating the coefficients for the variables, RCT of each crash is nor-

malized using the regression coefficients. The normalization process is described 
below with an example for one categorical variable: 

1) Let, β1 = the estimate for crash severity = fatal; 
2) Base category for crash severity = property damage only (PDO); 
3) Let, R1 is the actual roadway clearance time of a fatal crash; 
4) If R1 is normalized to a PDO crash, then the normalized RCT is = max (R1 

− β1, 0). 
While performing the normalization process, 49 variable estimates were used. 

These 49 variables were selected based on feedback from experienced officials. 
This selected list incorporates the variables that are not controllable by agencies 
and at the same time might cause substantial increase or decrease in the RCT. 
The RCT of 149,174 crashes was normalized using these 49 variables. Then the 
average normalized RCT time of each agency is calculated and ranked from 
highest to lowest adjusted RCT. 

While the regression method applied in this paper is a Tobit model, other 
models such as survival models could be applied to accomplish the same out-
come (i.e., rankings with normalization). Survival models were explored for this 
paper – including lognormal, gamma, Weibull, generalized gamma, and Gom-
pertz but the results using survival models did not change the findings and the 
statistical measures for comparison (AIC, BIC, and Chi-Squared tests) indicated 
that the Tobit model fit the data better than the survival models. Thus, the Tobit 
model was used for the regression model estimation and normalization. This is 
supported by a recent study where Tobit model has similar performance as 
complex machine learning models for predicting incident clearance time [18].  
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It is worth noting that the choice of regression model can have a significant 
impact on the results of the analysis. In the case of survival models, the factors 
have a multiplicative effect on the outcome, whereas they have an additive effect 
when using the Tobit model. As a result, normalization using survival models 
would require slight adjustments to the normalization procedure, although these 
adjustments would be minor in nature. 

Overall, the selection of the appropriate regression model is crucial in ensur-
ing the accuracy of the findings. While other methods may be explored in future 
studies, the Tobit model proved to be the most effective approach for our partic-
ular dataset. 

6. Results 
6.1. Model Results 

This section describes the results from the Tobit model and shows the ranks of 
different agencies. In the ranking process, 49 variables are used. Their estimates 
are shown in Table 2. The coefficients indicate the adjustments to be made in 
minutes. The adjusted RCT, like the Tobit, were left truncated at 0 minutes (i.e., 
the adjusted RCT could not have negative values). The right three columns in 
Table 2 shows the estimates, standard error and P-value, respectively for va-
riables used in the ranking from Tobit regression model. 

The estimates from the regression model indicate that if the crash is in urban 
areas (Urban/Rural in Table 2), on average, the RCT is 7.381 minutes lower than 
the rural areas. This seems relevant as there is a possibility that the incident re-
sponse teams have greater resources in urban areas compared to the rural areas 
which helps to lower the RCT. The RCT time is found to be 0.89 minutes higher 
in the dark (Lighting in Table 2) compared to daylight which matches with the 
results of [19] who found that the RCT time is slightly higher at night. The esti-
mates also indicate that if the major cause of the crash is related to oversized ve-
hicles or separation of trailer units, it results in an increase in the RCT. Similar 
results are found in the published literature for heavy vehicles [7]. In Table 2, 
almost all the coefficients indicate an increase in the RCT and the corresponding 
small p-values exhibit the usefulness of these variables in the model. This infor-
mation could be used by agencies to allocate more resources in the crash site if 
these characteristics are present.  

If there is any irregular weather condition, it will influence the RCT. In Table 2, 
there are specific categories of different weather conditions coded as “Primary 
Weather”. Foggy weather conditions are associated with a 5.2-minute increase for 
RCT on average compared to clear weather conditions. The sleet and snowy condi-
tion show that there will be a slight decrease in the RCT. Also, the snowy and sleety 
weather conditions have larger p-values which is consistent with the result of [6] 
who found that snowy weather does not impact the RCT significantly. The blowing 
snow condition increases the RCT by around 3.3 minutes as it is usually associated 
with windy conditions and hence could impact the clearance work. 
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Table 2. Result from Tobit regression model for variables used in ranking method. 

Variable Type Variable Name Base Variable Estimate 
Standard 

Error 
p-value 

Property Damage 
(cost in thousands) 

Cost of property damage Continuous Variable 0.0006 0.000 0.0000 

Lighting Darkness Daylight 0.898 0.349 0.0100 

Urban/Rural Urban Rural −7.381 0.276 0.0000 

Major Cause 

FTYROW: To pedestrian 

Ran Stop Sign 

−4.307 1.602 0.0072 

Crossed centerline (undivided) 20.975 1.466 0.0000 

Crossed median (divided) 15.570 4.605 0.0007 

Traveling wrong way or on wrong side of road 7.143 1.331 0.0000 

Ran off road—right 9.183 0.476 0.0000 

Ran off road—straight 6.302 1.101 0.0000 

Ran off road—left 8.525 0.538 0.0000 

Separation of units 23.628 4.012 0.0000 

Cargo/equipment loss or shift 11.593 2.165 0.0000 

Oversized Load/Vehicle 26.519 5.085 0.0000 

Environmental 
Circumstances 

Weather conditions None Apparent 1.240 0.365 0.0007 

Primary Weather 

Fog/smoke/smog 

Clear 

5.208 0.989 0.0000 

Freezing rain/drizzle 0.336 0.640 0.5992 

Sleet/hail −0.419 1.985 0.8326 

Snow −0.669 0.480 0.1632 

Blowing snow 3.348 0.830 0.0001 

Roadway Lighting 
Dark - roadway not lighted 

Day Light 
6.542 0.406 0.0000 

Dark - unknown roadway lighting 5.527 1.281 0.0000 

Surface Condition 

Ice/frost 

Dry 

−0.075 0.410 0.8552 

Snow −0.311 0.451 0.4901 

Slush −0.686 0.761 0.3672 

Road System 
Interstate 

Local Road 
−1.896 1.363 0.1644 

Iowa Route −1.728 1.360 0.2037 

Severity 

Fatal 

Property Damage 

108.833 0.980 0.0000 

Major Injury 28.489 0.511 0.0000 

Minor Injury 8.714 0.264 0.0000 

Possible/Unknown 4.277 0.207 0.0000 
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Continued 

Road Type 

Non-intersection: Railroad grade crossing 

Intersection: 
Intersection with 

Ramp 

15.831 1.658 0.0000 

Non-intersection: Alley 3.334 1.345 0.0132 

Non-intersection: Crossover-related 7.053 1.298 0.0000 

Intersection: Roundabout 1.124 1.503 0.4544 

Intersection: Traffic circle 0.837 4.944 0.8656 

Intersection: Four-way intersection 3.645 0.536 0.0000 

Intersection: T-intersection 4.128 0.586 0.0000 

Intersection: Y-intersection 4.564 1.571 0.0037 

Intersection: Five points or more 3.398 1.941 0.0800 

Intersection: L-intersection 6.119 1.964 0.0018 

Intersection: Shared use path or trail 11.946 5.565 0.0318 

Interchange-related: On-ramp merge area 4.824 1.028 0.0000 

Interchange-related: Off-ramp diverge area 5.872 1.227 0.0000 

Interchange-related: On-ramp 7.193 1.634 0.0000 

Interchange-related: Off-ramp 4.434 1.186 0.0002 

Interchange-related: Mainline - between ramps 8.102 2.019 0.0001 

Intersection: Other intersection 4.191 0.830 0.0000 

Interchange-related: Other relationship 5.781 2.337 0.0134 

Work-zone Related In work-zone area Not in work-zone 2.186 0.673 0.0011 

 
If the roadway does not have lighting, it is associated with increased RCT 

time. Thus, the result indicates that crashes at night on roadways where there is 
no lighting may require greater attention from the response teams. The variable 
surface condition shows different results than expected. It shows that there will 
be a slight decrease in the RCT for snowy, icy, or slushy surfaces when compared 
to dry surfaces than dry surfaces. However, these variables have higher p-values. 
Thus, the accurate interpretation of these variables is not possible from these 
model results.  

From the regression results, crash severity level has the largest impact on the 
RCT of the variables tested. If the severity level is fatal, it is associated with a 
108.8-minute increase in the RCT, which coincides with the result of [6] and 
[20]. Similarly, the RCT will be increased by 28.5, 8.7, and 4.2 minutes for major, 
minor and possible injuries, respectively.  

The “Road Type” variable shows if the crash happens at a railroad crossing, it 
is associated with higher times for clearance. Similarly, 4-way intersection, T- 
intersection, Y-intersection, Five points or more-Intersection and L-intersection 
also increase the clearance time. It was found that the intersection crashes in 
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general have higher clearance times. On-ramp, off-ramp, on-ramp merge area, 
off-ramp diverge area and mainline of interchange will cause a significant in-
crease in the RCT [7]. These roadway locations should be studied further to re-
duce the clearance time during these conditions. If the crash happens in a 
work-zone area, it takes an additional 2.1 minutes for RCT compared to the 
non-work zone areas.  

6.2. Model Implementation & Ranking 

After obtaining the variable estimates from the developed model, the variables 
were used in adjustments for the ranking process. Estimates from the model are 
considered as weights and the observed RCT is normalized according to these 
weights. For example, assume a crash had a severity level of fatal injury and re-
quired 200 minutes of clearance time. According to Table 2 results, a fatal injury 
crash usually has 108.8 minutes higher RCT than property damage crashes. The 
crash with 200 minutes RCT will be normalized into a PDO crash by subtracting 
the 108.8 minutes. Thus, the normalized RCT will be = 200 − 108.8 = 91.2 mi-
nutes. This normalization process is estimating what would be the clearance 
time, if all the crashes were PDO crashes in ideal conditions. If the crash occurs 
in an urban area, the RCT time decreases by 7.3 minutes (normalized to equiva-
lent rural area). So, if the above-mentioned fatal crash occurs in an urban area, 
the adjusted RCT will be = 91.2 + 7.3 = 98.5 minutes. In this way, the process 
incorporates all 49 variables mentioned in Table 2.  

The adjustment process described above was then implemented using all 49 va-
riables on all crashes. Each crash would then contain the original RCT along with 
an adjusted RCT that normalizes the RCT for equivalent comparisons across 
crashes. One method utilized for comparison is to average the adjusted RCT of 
each agency and county. The agencies with the highest average adjusted RCT can 
then be reviewed to determine if additional resources or training would be benefi-
cial for improving responses. Additionally, agencies with low average adjusted 
RCTs could be recognized for their work and efforts. Finally, a dashboard was 
prepared to show the ranking result based on the normalized RCT. Figure 3 shows 
all the counties of Iowa. In this paper, the actual ranking is not presented in Figure 
3 due to data sensitivity. A specific county can be selected from the agency map 
(Figure 3), and the corresponding figures in the dashboard would change as per 
the selection. To minimize the data sensitivity and maximize the anonymousness 
of the ranking result, each of the figures presented in this paper, is plotted from 
different counties in Iowa without mentioning the county names. 

If a single county is selected in dashboard, it will show the ranking of all 
emergency response teams within that county (in Figure 4). The agency names 
in Figure 4 have been redacted and simply referred to as agency numbers. 

Figure 5 shows the normalized RCT of each crash for an agency over the time 
period. As the plot shows the normalized RCT of each crash with severity level, 
crashes still having a higher RCT suggests a in depth look into the crash reports. 
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Figure 3. Showing all the counties in Iowa included in the ranking process. 
 

 

Figure 4. Showing the average normalized RCT for all agencies in a county. 

7. Conclusions 

This study provides an overall framework on how emergency response teams 
can be ranked based on their corresponding performance measures which is 
crucial for resource allocation and better response. This framework utilizes re-
gression models (i.e., Tobit regression) to adjust roadway clearance time (RCT)  
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Figure 5. Showing the normalized RCT (minutes) of each crash for an agency over time. 
 
and ensure fair comparisons across agencies. The adjustments are made for va-
riables that influence RCT but are beyond the control of the responding agen-
cies. In summary, this study: 
 Provides a comprehensive framework for ranking agencies; 
 Ensures the fair comparison among agencies while ranking; 
 Once the adjustments are made, agencies can be ranked based on average 

adjusted RCT; 
 Low performing agencies can then be reviewed to determine what resources 

and training may be beneficial for improving performance. High performing 
agencies can be commended for their efforts. In this way, the framework can 
be used to optimize use of resources for reducing overall RCT.  

8. Limitations and Future Research 

This study has several constraints. Some of the variables used in this study are 
derived variable by Iowa DOT officials and might be subjective. The variable, 
indicating the incident happened in the work-zone, have high percentage of 
missing values which are considered as “not work-zone” in this study. In most 
cases, information for response time is unavailable. Developing a model with 
response time and even normal summary statistics of response time would pro-
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vide greater information for ranking purposes. In addition, the data does not 
have proper traffic volume related information (e.g., traffic volumes immediately 
prior to and during the incident through clearance). However, this volume data 
might be useful for better interpretation of the model. A number of trained per-
sonnel in those agencies might provide important information as well. In the re-
gression analysis, a Tobit regression model was used. In the future, additional 
models can be used to estimate the weights of the variables. Overall, the frame-
work developed in this study is transferable and this method can be followed by 
other DOTs to evaluate their teams. 
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