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L. BACKGROUND

Agricultural producers are initially dependent on truck transport to access the inputs utilized in the
production process (fertilizer, feed, seed, fuel, equipment, chemicals, etc.) and likewise access to markets
for the products they produce and sell. In most cases, these producers are in relatively rural geographies,
placing greater emphasis and importance on transportation (truck) services for economic survival.
Without truck transportation, these businesses would not exist.

Given this important dependency on efficient transportation services for agricultural producers, the U.S.
Congress has granted certain exemptions for shipment of agricultural products that differentiates operator
requirements from the movement of traditional commercial truck freight on roadways. Truck operators
moving commercial freight are required (among other requirements) to possess a commercial driver’s
license (CDL), adhere to the hours of service (HOS) limits and electronic log data (ELD) device mandate
and likewise meet all vehicle/equipment safety inspections and not exceed state (or county) truck weight
limits. Truck operators moving agricultural products from the farm are largely exempt from HOS!
requirements within 150 air-mile radius of the farm. These same operators are also exempt from holding a
CDL and using an ELD or keeping paper logs. However, outside the 150 air-mile radius of the farm,
agricultural carriers are subject to the same CDL, HOS, and ELD requirements of all commercial freight
carriers.

The right data and appropriate studies have been influential in furthering transportation policy at the state
and national level. For example, the study by Blower (1988) finding that agricultural trucks are half as
likely to be involved fatal accidents was used in support of the original implementation of the 150 air-mile
CDL exemption. The Vehicle Inventory and Use Survey (VIUS) and the Trucks in Fatal Accidents database
(TIFA) were both used in Blower’s (1988) study (as well as many other studies), but neither dataset is
currently being updated?.

The changing characteristics of transportation® and the ever-growing demand for data is not new. In June
2019, the administrator of the Federal Motor Carrier Safety Administration (FMCSA), Raymond Martinez,
testified before United States Senate Committee on Commerce, Science, and Transportation about the
need for a new study to identify the factors leading the large truck crashes*. Some safety groups have
speculated that due to these special exemptions for truck shipment of agricultural products, that accidents
are more likely from trucks moving these agricultural products and that these truck operators should be
required to satisfy the same requirements of any commercial truck operating on the highways.

While the need for new data is clear, especially as it relates to the identification of agricultural trucks, this
study uses the most recent available datasets to paint a picture of the current state of agricultural shipping
in relation to the effects on safety that CDL, HOS, and ELD exemptions may contribute.

!Exempt HOS rules include: 11-hour driving limit after 10 consecutive hours off duty, 14-hour limit after 10
consecutive hours off duty, sufficient rest breaks, and 60/70-hour limit after 34 consecutive hours of off-duty time.
2 TIFA was defunded in 2012. See https://www.ttnews.com/articles/umtri-seeks-new-money-sources-after-fmesa-
cutback

3 For example, smaller, more efficient trucks are currently in operation, but they are still classified as “large trucks”
despite lower gross vehicle weight.

# See https://cms7.dot.gov/testimony/fast-act-reauthorization-transportation-and-safety-issues-0.
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IT. STUDY OBJECTIVES

The primary objective of this study is to provide a more comprehensive analysis involving the safety of
trucks moving agricultural products in the U.S. This is accomplished by conducting a variety of statistical
analysis utilizing accident data at both the state and federal level. Given the challenges associated with
correctly identifying trucks that are moving agricultural products, and even more challenging those
operating within the 150-mile radius of the farm, this multi-faceted approach offers increased perspective
and information.

The specific objectives of the study are to:

e Conduct an in-depth truck safety analysis utilizing the national accident database and to
determine relative safety of agricultural truck freight versus non-agricultural commercial freight.

o Identify spatially those counties that have the highest likelihood of accidents (heat map) for
specific types of agricultural and commercial freight movements.

e Investigate how truck safety changes relative to equipment type and commodity moved.

I1I. LITERATURE REVIEW OF TRUCK SAFETY ANALYISIS

There are several empirical studies that support the findings that large trucks have a higher accident rate
than other, non-commercial freight vehicles. Although the effects of regulation have not been analyzed
comprehensively, some studies have shown that it partially reduces driver fatigue and affects accident
rates (Goel, 2014; Anderson et al., 2017). Agricultural trucks are exempt from certain regulatory
requirements and there are fewer studies assessing the risk of moving agricultural commodities, either on
a peripheral level or on a large scale. This study evaluates whether agricultural trucks exhibit different
safety characteristics related to operations as compared to general commercial freight vehicles that must
adhere to more stringent safety-related policy regulations.

Large truck crashes tend to be the most severe out of all motor vehicle crashes and this risk is a primary
concern in the study of transportation safety. Property damage, loss of goods, and loss of life are all
heightened aspects when dealing with a heavy truck crash (Ahmed et al., 2018). In 2012, approximately
4,000 fatalities and 104,000 injuries occurred nationwide in crashes that involved at least one heavy
truck. Of these fatalities, 83 percent were not the operators of the heavy truck (NHTSA, 2014).

Most truck studies have focused more on road conditions, vehicle characteristics, and driver
characteristics than on the nature or type of movement. Additionally, past research generally has limited
observation in terms of geographic coverage such as limited number of counties or states in sample. For
example, studies have used data from: King County, WA (Chang and Mannering, 1999), North Carolina
(Duncan et al., 1998), California (Khorashadi et al., 2005), Illinois (Chen and Chen, 2011), ITowa (Hans et
al,, 2014), Texas (Pahukula et al., 2015), New York (Zou et al., 2017), and Wyoming (Ahmed et al., 2018).

Harland et al. (2014), Ramirez, et al. (2016), and Ranapurwala et al. (2016) are examples of region-wide’
studies about agriculture-related crashes, especially as it relates to farm equipment. Gkritza et al. (2010)

5 The Great Plains region is comprised of nine states.
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also focuses on farm vehicles. This subset of farm equipment includes more than just trucks, but the
findings are similar. Environmental and road conditions affect crashes of farm vehicles as well. Blower
(1988) found that farmers are half as likely as other large truck operators to be involved in fatal accidents.
However, none of these studies are directly related with agriculture shipments utilizing trucks in
conjunction with the effect of HOS policy adjustments or other exemptions.

A few researchers use national level data such as Fatality Analysis Reporting System (FARS) and the
Motor Carrier Management Information System (MCMIS) database for accident analysis (Moses and
Savage, 1994; Cantor et al., 2010; Lacombe et al., 2010). Moses and Savage (1994) use over 90,000 firms
from the MCMIS database to estimate accident rates. Larger firms (but not older firms) and private
carriers are found to have the lowest accident rates. Cantor et al., (2010) construct a model to investigate
which driver-level factors may have influence on crash occurrence. A few driver-level factors (among
others) proved significant: driver age, weight, height, gender, and employment stability.

In a study conducted by the FMCSA (Lacombe et al., 2010), the authors compared the safety performance
of agricultural and nonagricultural carriers for a three-year period (2005-2008) using MCMIS data, and
more specifically, information from Form MCS-150 (also from the FMCSA). The authors uncovered many
notable results, but the most pertinent finding to this study is that “agricultural carriers operating within
a100-air-mile radius were found to have lower crash rates per 100 power units than those operating
beyond this radius” (with 2008 being the exception to this finding). This finding only includes
agricultural carriers with 100 percent of operations within the 100-air-mile radius of the farm (self-
reported on Form MCS-150). About 42 percent of agricultural carriers meet this methodological
requirement.

Chang and Mannering (1999) study the relationship between injury severity and the number of
occupants in the vehicle. Vehicles with higher occupancies have increased risk that someone is seriously
injured in a crash. The effects of large trucks, which are shown to have a significant impact on the most
severely injured vehicle occupant, are accounted for by separately estimating nested logit models for
truck-involved accidents and for non-truck-involved accidents.

Duncan et al. (1998) identify a few variables that influence injury severity in truck-passenger crashes via
ordered probit models. These variables are darkness, high speed differentials, high speed limits, grades,
being in a car struck from behind by a large truck, and, unsurprisingly, drunk driving. Females are also
more likely to be severely injured in truck-passenger car collisions.

Islam and Hernandez (2013) estimate a series of mixed logit models using 5 years of Texas crash data
(2006 to 2010). There are few results from their exploratory analysis that is pertinent to this report. First,
rural crashes are found to be more likely than in urban settings. Furthermore, crashes occurring in areas
with higher traffic flow reduces the likelihood of the most severe outcomes (i.e., fatalities), but does tend
to increase non-severe accidents (i.e., those with property damage).

Using lowa crash data, higher speeds (as measured by higher posted speed limits) tend to be associated
with the most severe crash outcomes for heavy trucks (Hans et al., 2014). Additionally, severe crashes
were more likely to occur during early mornings and midday with an uptick of severe crashes early in the
week and over the weekends.

Pahukula et al. (2015) also considered the specific effects of time of day on large truck-involved crashes.
By separating into five time periods (i.e., early morning, morning, midday, afternoon and evening) the
authors analyze the contributing factors to crash outcomes for each time-of-day model. Twenty-two
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variables were included, and each time period found different factors to be statistically. Generally,
differences in variables related to “traffic flow, light conditions, surface conditions, time of year, and
percentage of trucks on the road” were significant in the models.

To better understand the impact of roadway characteristics, Ahmed et al. (2018) focused on the effect
that roadway classifications may have on truck crashes. Various interactions proved to be significant in
predicting the severity of crashes and these interactions varied depending on roadway classification.
Inclement weather was a contributing cause to crash severity across road classifications. Most
alarmingly, the odds of severe, heavy truck crashes on highways can increase nearly 5 times.

The aforementioned studies have failed to focus on local characteristics. Khorashadi et al. (2005)
included geographic variables that may affect the severity and frequency of accidents: indicators for rural
and urban areas. Specifically, Khorashadi et al. (2005) explored the differences between drivers (both
passenger-vehicle and large-truck drivers) injured on urban and rural roads in accidents that involve
large trucks. The authors found the same factors could affect crash severity much differently depending
on whether the crash occurred on rural or urban roads. In a similar vein, the results of Harland et al.
(2014) lend evidence that including a rural-urban component in analysis leads to significant results.

Similar to Khorashadi and his coauthors, Zou et al. (2017) also found that the same factors can yield
drastically different results. Zou and his coauthors show that single-vehicle and multi-vehicle truck
crashes in New York City are affected differently by the same factors.

Anderson et al. (2017) found that the percent of accidents caused by truck drivers failed to decrease after
the HOS changes in July of 2013. Specifically, the authors were interested in the effect of two provisions:
(1) the restart per 168-h, and (2) the 32-h restart requirement must cover two consecutive 1 a.m. to 5 a.m.
periods. These regulations were assumed to combat driver fatigue, but the results of Anderson et al.
(2017) lend evidence that other factors may be at play in vehicle safety.

The earlier studies have primarily focused on the difference in safety or accidents comparing commercial
trucks to passenger vehicles. In the same vein, the large truck crash causation study mandated by
Congress in 1999 found that passenger vehicle drivers were at fault in a large proportion of the truck-
passenger vehicle collision dataset (FMCSA, 2006). Few studies have attempted to identify and estimate
the safety of trucks involved in the movement of agricultural products from the farm. The primary reason
is due to data limitations and the difficulty of identifying and classifying agricultural trucks from other
commercial freight vehicles.

There are many studies assessing the impact of heavy truck crashes at their core. This study seeks to fill
the gaps in the research by including national data to assess the impact that agriculture trucks may have
based on agricultural movements and for which trucks are exempt from certain regulations.

IV. METHODOLOGY / STUDY APPROACH

In an effort to address the safety of agricultural trucks, the three main steps in the research process that
we consider crucial, which also shaped our methodology, are as follows:

1. Aproper identification of agricultural transportation under the data limitations and determining
a suitable unit of analysis.

10
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2. Identification of crash rates: Although the number of crashes in a specific time span or location is
informative, building a model with many important factors (e.g., traffic density, firm size, fleet
size and etc.) tease out the underlying factors that contribute to crash rates.

3. Analysis using national and state level data (Indiana): Exploration of national trends sets the
stage for the adoption and implementation of federal-level public policy. On the other hand, state
level data speaks more to characteristics at the regional level. For the state level analysis, only one
state is included: Indiana. This state acts as a case study.

Our methodology is similar to Lacombe et al. (2010), in that national level analysis is completed by using
the MCMIS dataset. In their work the authors identified agricultural trucks through a survey. They
defined the crash rate as the number of crashes per 100 power units and their focus is restricted to the
effects of the Out-of-Service (OOS) and HOS exemptions. Our approach differs in two respects: we
define the crash rate in relation to the traffic density and urban or rural designation, and our approach is
not limited to the effects of OOS and HOS exemptions.

In this sense, the methodology in Harland et al. (2014) is similar in that they designate crashes as either
occurring in rural or urban settings using Rural-Urban Commuting Areas (RUCA). Yet, in our
methodology, we use RUCA for two separate purposes: (1) to assign the traffic density measure - Vehicle
Miles Traveled (VMT) - to the crash sites in order to calculate crash rates, and (2) to determine whether
carriers are located in rural or urban districts. The latter is one of many methods employed to measure
how rural communities may affect the severity of crashes (regardless of whether these crashes occur in
rural or urban areas).

We follow the approach of Moses and Savage (1994), among others, by adopting the negative binomial
regression model to analyze the association between crash severity and vehicle and environmental
characteristics. We also analyze this relationship through other modelling techniques (e.g., logistic
regression). Nevertheless, our approach differs from theirs as our focus is on the effects of carrier type
over the crash severity.

MOTOR CARRIER MANAGEMENT INFORMATION SYSTEM DATA (MCMIS) DESCRIPTION

The MCMIS is a national database that contains a list of carriers and hazmat shippers that are subject to
either the FMCSA or the Hazardous Materials Regulations (HMR). This dataset contains safety
information of every registered carrier, which makes it suitable to analyze the risk of regulatory
exemptions for agricultural trucks. Most importantly, it allows one avenue for identifying and
distinguishing between agricultural and non-agricultural commercial carriers. Although, since this is
self-reported, it’s possible that some carriers move many different types of freight and not exclusive to
agricultural or any particular type.

The FMCSA operates and maintains the MCMIS dataset. Each state-reported crash file covers a calendar
year of crashes reported to the FMCSA and includes all federally recordable crashes involving a motor
carrier in MCMIS dataset.

There are several positive aspects of this data. First, the MCMIS is a national dataset. Regulations
implemented at the national level can be thoroughly analyzed as the dataset contains accident data
across the U.S. Since accident data is reported across the U.S., user-defined geographies can be used to
better model different sectors of the economy. For example, data can be pulled to analyze (as in this

11
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paper) all agriculture related crashes, with the ability to solely focus on grain-producing regions, if
desired. National data allows the researcher to control for national trends when measuring state-specific
or county-specific effects.

Second, the details about each carrier and crash are robust. Each record includes characteristics about
the company, location, cargo classifications, identification information, and basic operating information
of each registered carrier. Individual vehicles (outside larger motor carriers) are also registered. The crash
data is at the individual level and includes the number of deaths, injuries, and non-injured cases.
Information about the motor carrier, driver, vehicles, and circumstances of a crash are also included
allowing for robust statistical analysis of the many factors that may have contributed to the crash. Lastly,
this dataset has been widely used in the past to better study different aspects of commercial truck
crashes®.

There are a few limitations that are relevant to this study. Exact crash location is missing from the
dataset; hence, a detailed location-based analysis is excluded from this report. A common focus of past
studies has been the effect of driver-level factors on vehicle accidents’”. However, detailed driver
information such as sex, age, weight, etc. is not included.

IDENTIFICATION OF AGRICULTURAL CARRIERS

The carrier’s business purpose is the best proxy for estimating the loadings of the truck in the event of an
accident. Under the assumption of adherence to regulations, the truck should only be transporting the
type of cargo as registered in the MCMIS database.

The procedure of assigning agricultural related movement is as follows. First, the MCMIS database
details the types of cargo that each registered carrier describes as transporting. We assume that at the
time of crash, the truck is carrying these specific cargo types. Of all the cargo classification types, fresh
produce, grain, feed, hay, log, pole, beams, lumber, livestock, and meat are defined as agriculture. While
not necessarily transporting agricultural commodities, agricultural equipment also falls within the
agricultural commercial truck category. All other cargo types are assigned as non-agricultural carriers.

MCMIS census data must be merged with truck crash data to take full accounting of all the available
data. There are 1,509,309 crash observations from 2008-2018. About 1.2 million (1,217,279) match with the
MCMIS database. 292,030 crash observations do not have a DOT number; hence, they are left out of the
full dataset used in this report. With the additional merger of the RUCA dataset and the deletion of
missing values essential to calculate crash rates, just over 1 million (1,031,513) crash records match with
the MCMIS database.

DESCRIPTIVE STATISTICS OF DATA

There are a wide variety of variables available from the merging of MCMIS and crash databases. These
variables can be classified into three categories that may have an influence on crashes: driver factors,
vehicle factors, and environmental factors (see Figure 1). A list of potential contributing factors, broken
out by Agricultural and Non-Agricultural carriers, is provided in Table 1. The number of crashes for

6 For example, see Moses and Savage (1994), Cantor et al. (2010), and Lacombe et al. (2010).
7 For example, see Hanowski et al. (2005), Park et al. (2010), Chen and Xie (2014), Bunn et al. (2017), and Filtness et
al. (2017).

12
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agricultural carriers is almost 6 times less than non-agricultural crashes, but still large enough for a
robust analysis.

Figure 1: Classification of Truck Crash Causes
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Table 1: Number of Observations by Carrier Type, Jan. 2008 — Nov. 2018

Agricultural Non-Agricultural Total

Number of Crashes 149,358 882,155 1,031,513

Harvest Season Accident (Aug. . . 39,124 228,222 267,346
GROSS VEHICLE WEIGHT
Less or Equal to 10000 208 1,562 1,770
10001-26000 16,063 136,794 152,857
More than 26000 132,813 742,280 875,093
VEHICLE BODY TYPE
Cargo Tank 6,193 67,603 73,796
Dump 9,471 68,410 77,881
Flatbed 36,957 91,990 128,947
Grain 8,390 15,316 23,706
Intermodal 939 8,899 9,838
Logging 9,739 1,527 11,266
Enclosed Box/Van 45,838 429,962 475,800
Other 30,807 191,695 222,502
Interstate 129,959 764,588 894,547
Intrastate 19,359 117,567 136,929
Rural Firm 17216 - -
ROAD SURFACE

-
-

115,963 68564 784527
3434 205 3659
107 089 Liss
541 1980 252
701 452 5222
5292 B30 406
580 1892 2072
305 2,050 2,355

Wet 21,027 131,764 152,791

WEATHER
Non Adverse 116,893 676,508 793,401
Adverse 30,129 191,370 221,499
Others 2,336 14277 16,613
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When a truck carrying agricultural freight is involved in an accident there tends to be slightly more
injuries and fatalities compared to non-agricultural carriers (see Table 2). Additionally, less vehicles are
involved in agricultural truck crashes. This may be linked to the fact that agricultural firms and trucks
have significant operations in rural areas.

Table 2: Severity Statistics per Crash by Carrier Type, Jan. 2008 — Nov. 2018

Agricultural Non-Agricultural Total
Average Number of Fatalities per Crash 0.040 0.034 0.035
(std. dev.) (0.211) (0.227) (0.214)
Average Number of Injuries per Crash 0.535 0.520 0.522
(std. dev.) (0.950) (0.969) (0.966)
Average Number of Vehicles per Crash 1.988 2.047 2.037
(std. dev.) (L161) (1.302) (1.283)

VEHICLE FACTORS

Among the many vehicle characteristics available in the MCMIS database, vehicle weight is a central
variable of interest in this study. Gross vehicle weight rating (GVWR) is broken out into three categories
to better understand the effect that heavy and light trucks may exhibit. The three categories are: less than
10,000 Ibs., greater than 10,000 Ibs. and less than 26,000 Ibs., and greater than 26,000 Ibs. Most fatalities,
injuries, and number of crashes for both agricultural and non-agricultural carriers involve heavy trucks
with a GVWR rating greater than 26,000 lbs. (see Table 3).

Table 3: Number of Fatalities & Injuries by GVWR

Gross Vehicle Weight Fatalities Injuries # of Crashes
1bs.

>26,000 14,621 228,897 266,147
Agricultural 10,000-26,000 5,315 105,619 43,949
<10,000 107 2,029 554
>26,000 26,677 391,741 759,880
Non-agricultural 10,000-26,000 3,629 77,877 142,632
< 10,000 37 809 1,594

ENVIRONMENTAL FACTORS

Two of the foremost environmental factors that are included in MCMIS dataset and used in a myriad of
past studies are the condition of the road and weather events at the time and location of the crash.

There are many possible road and weather conditions. To simplify analysis, three weather encodings will
be used: ordinary weather, adverse weather, and unknown. Ordinary weather is defined by dry
conditions. All other cases (e.g,, ice, rain, fog, standing water, snow, etc.) are considered adverse weather.

15
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There is a small group of records that do not describe weather and road conditions at the time and
location of the crash. These missing observations are grouped together and labeled “Unknown Weather.”

In Table 4 and Table 5, respectively, weather conditions and road surface conditions are broken down by
Agricultural and Non-Agricultural carrier.

Table 4: Number of Fatalities & Injuries by Road Surface Condition

Agricultural

Nonagricultural

Road Surface Condition
Dry
Ice
Other
Sand, Mud, Dirt, Oil or Gravel
Slush
Snow
Unknown
Water (Standing, Moving)
Wet
Dry
Ice
Other
Sand, Mud, Dirt, Oil or Gravel
Slush
Snow
Unknown
Water (Standing, Moving)
Wet

Fatalities
16,652
403
43
57
52
357
73
31
2,385
24,753
743
55
41
126
752
82
44
3,660

Injuries
272,464
7,244
490
876
1014
10,495
809
545
45,244
366,295
13,785
606
880
1665
17,377
983
897
66,821

# of Crashes
238,293
10,747
405

906
1,497
11,833
745

636
45,090
686,394
32,749
1,007
2,011
4,609
36,346
1,990
2,097
135,576
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Table 5: Number of fatalities and injuries associated with different weather conditions

Weather Condition Fatalities Injuries # of Crashes
Blowing Sand, Soil, Dirt, or 132 1,650 1,955
Snow
Fog 451 4,227 3,526
No Adverse Condition 16,473 275,438 240,489
Other 638 9,441 11,340

Agricultural - I 1,442 29,441 29,900
Severe Crosswinds 45 667 1,259
Sleet, Hail 115 2,070 2,546
Snow 411 11,390 14,349
Unknown 233 3,921 3,481
Blowing Sand, Soil, Dirt, or 295 3,559 5,971
Snow
Fog 633 6,070 9,030
No Adverse Condition 24 311 36,6721 693,539
Non-agricultural Other 1,107 17273 33,644
Rain 2,223 44,507 91,732
Severe Crosswinds 83 1,533 4182
Sleet, Hail 209 3,428 7,933
Snow 867 19,430 43,346
Unknown 336 5,580 10,295

During harvest, more agricultural trucks are on the roadways. To better capture the effect that harvest
time may have on crash rates, we define the harvest season to be the months of August, September and
October and include this variable in many of the statistical analyses performed in this study. An indicator
of harvest season, weather and road conditions, urban or rural vicinity, and other characteristics help
tease out contributing factors to agricultural truck crashes.

Another key environmental factor that is not available in the MCMIS dataset, but taken into
consideration in our approach, is using VMT as a measure of traffic density at the crash site. VMT data is
retrieved from the Traffic Volume Trends reports, which is distributed monthly by the Federal Highway
Administration®. VMT is used throughout this study, but most notably as the exposure variable for
regressions and in comparing crash rates. In regression models that estimate count data (i.e., negative
binomial and Poisson), an exposure variable is defined to standardize the effect of time, for example (in
our case we use VMT instead of time to standardize crashes). In determining rural and urban VMTs, we
aggregated interstate, artillery and other sub categorical traffic counts into a single “rural” or “urban”

8 The data can be found here: https://www.thwa.dot.gov/policyinformation/travel monitoring/tvt.cfm
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category. This is done for each month and year in the time span: 2008-2018. Figures 2 and 3 visually
represent VM Ts broken out by region.

Figure 2: Average Vehicle Miles Traveled per Month by State, 2008 - 2018°
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Figure 3: Average Vehicle Miles Traveled per Region, 2008 - 2018
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As expected, VMTs tend to be higher in the summer months with the lowest VMTs for both rural and
urban roads occurring in February (see Figure 4). Over the past 10 years, the number of VMTs has
increased on urban roads, while VMTs on rural roads has stayed relatively steady at just above 80 billion

2 Alaska and Hawaii are not pictured.
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across the U.S. (see Figure 5). Using our definition of a rural and urban road (as described above), about
two-thirds of all VMTs occur on urban roads over the sample period (2008-2018) (see Figure 6).

Figure 4: Average Vehicle Miles Traveled by Month, 2008 - 2018
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Figure 5: Average Vehicle Miles Traveled by Year, 2008 - 2018
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Figure 6: Distribution of Vehicle Miles Traveled, Urban vs. Rural 2008-2018
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68.0%

FIRM SIDE FACTORS

There are a few firm-side factors that benefit our analysis, namely: cargo types, power units, and physical
addresses of carriers. Of the 31 cargo classifications available in MCMIS dataset, carriers transporting one
of the following are considered potential agriculture carriers: fresh product, livestock, grain, feed, hay,
meat, log, pole, lumber, or agricultural equipment. Carriers that list multiple cargo classifications in
addition to an agriculture commodity are labeled as multi-purpose carriers. This is the first step in
defining agriculture carriers These potential carriers and their comparative numbers are illustrated in
Figure 7.

Figure 7: Number of Registered Carriers Across Cargo Types
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It is impossible to determine which products the truck (or trucks) were carrying at the time of the
accident as carriers registered to transport multipurpose cargos may be carrying agricultural and/or non-
agricultural products. Hence, the list of potential agriculture carriers is further refined by eliminating
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multipurpose cargos. Carriers classified by a sole agricultural cargo type are considered an appropriate
definition of agricultural carriers and is used in the analysis of this study.

Using this definition of agricultural carriers, we map firm location to urban or rural zip codes to better
understand how operations may be influenced by geography. Surprisingly, most registered locations for
firms that carry agriculture products do not reside in rural areas (see Table 6).

Table 6: MCMIS Carrier Group in Dataset

339,480 186%
174202 158%
04930 290%
48576 4%
21772 261%
1319,558 186%

With a conservative definition of agricultural carriers, we further explore their characteristics in terms of
the size of their operations. The MCMIS database contains information on the “number of drivers” and
“number of power units” registered by the carriers. Agricultural carriers tend to have more drivers per
power unit than non-agricultural carriers (see Figure 8).

Figure 8: Comparison of Fleet Size Measures for Carrier Groups

Total Number of Drivers Total Number of Power Units

= Agricultural
Carriers

= Agricultural
Carriers

= Non-Agricultural
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= Non-Agricultural
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To better understand market concentration, agricultural carriers are assigned to one of three bins as
follows:

1 if  #of power of units <1
Firmsize - {2 if 1<# of power of units < 4
3 if  # of power of units > 4

Most agricultural operators utilize more than four power units (see Figure 9). This is true across all
agricultural cargo types (including multi-purpose carriers which is included in Figure 9 for comparison
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purposes). Comparison of the distribution of firm sizes across agricultural and non-agricultural carriers
yields a similar trend (see Figure 10). Firms with more than four power units dominate the trucking
industry.

Figure 9: Firm Sizes Across Cargo Types
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Figure 10: Firm Sizes: Agricultural vs. Non-Agricultural Carriers
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LOCATION DATA

Texas, California, and Illinois have the largest number of crashes over the last decade with the number of

crashes per year around 38Kk, 26k, and 20k, respectively (see Figure 11). Not surprisingly, the counties
with the largest number of cumulative crashes over the last decade are in Texas, California, and Illinois
(see Figure 12). The top three counties are: (1) Cook County, Illinois with 5842 truck crashes, (2) Los
Angeles County, California with 5358 crashes, and (3) Harris County, Texas with 4745 crashes.
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Figure 11: Average Number of Crashes per Year, Jan. 2008 — Nov. 2018
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Figure 12: Total Number of Crashes per County, Jan. 2008 — Nov. 2018
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The distribution of truck crashes and firm locations are somewhat aligned (see Figures 12 and 13).
Populous urban areas have both a large number of crashes and a large number of registered carriers.
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There are 12 counties across the U.S. which have over 10k carriers registered with the DOT. The county
with the highest number of registered carriers, by far, is Los Angeles County, California with over 74k
carriers. The county with the second-highest number of registered carriers is Miami-Dade County,
Florida with just over 21k. Of the 12 counties with over 10k carriers registered with the DOT, half are in
California.

Figure 13: Total Number of Firms per County

Number of Firms
1
2,000
4,000
6,000
8,000
> 10,000

52020 Mapbox © OpenStrestiap

CRASH RATE STATISTICS

Crash frequency, likelihood, and severity models have been used widely in traffic safety analyses. The
most frequently applied models to estimate crash frequency models are negative binomial and Poisson
models, zero-inflated Poisson and zero-inflated negative binomial models, random parameter negative
binomial models, and two-state Markov switching models. Crash likelihood and severity models have
also been studied; however, analysis of large truck crashes, in this respect, is relatively sparse in the
literature (Islam and Hernandez, 2013).

The main objective of the subsequent sections is to fill this gap in the literature. We analyze the relative
safety difference between non-agricultural commercial freight and agricultural freight by comparing each
group’s crash trends. In most previous studies, the unit of analyses can be boiled down to three
categories: (1) carrier group crash rate, (2) individual carrier’ crash rate, and (3) individual crash severity.
In our analysis, we construct crash severity models by taking carrier groups as the unit of analysis.
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CRASH RATE ANALYSIS

To explore crash trend differences between agricultural and non-agricultural carriers, we identified two
distinct crash rates: (1) number of crashes per 100 power units, and (2) number of crashes 1 million VMT.
There are obvious limitations with both approaches, limitations that are directly the result of the
available data. In both cases, the national data only applies to accidents where a fatality took place and
therefore fails to capture those less-severe accident where no fatality was involved. Also, not all freight
trucks are registered with the motor carrier database, particularly for agricultural shipments and within
the MCMIS data those registered as moving agricultural products comprises only 25 percent of the total.
The number of crashes per 100 power units is defined as:

# of Crashes
Total Power Unit / 100

Power Crash Rate =

pursuant to Lacombe et al. (2010). In similar fashion, we also excluded carriers reporting an unreasonable
(outlier) number of power units or drivers. More specifically, we select carriers that have at least one
power unit and applied two filters to exclude unreasonable driver-power unit combinations: (1) number
of power units < 10x the number of drivers +1, and (2) the number of drivers < 10x the number of power
units +1. Carriers that meet these two conditions are included in the computation of power crash rate.
Crash rates based on the total number of power units helps explain how firm size and operations may
impact truck crashes.

Power crash rates have generally been on the rise over the past decade for both agricultural and non-
agricultural carriers (see Figure 14). The year 2018 records a dip in the power crash rate that may be
attributed to the data not spanning the whole year (Dec. 2018 is not included in the dataset). While the
power crash rate for non-agriculture carriers is stable from a monthly perspective, agricultural carriers
tend to have a lower rate in the summer and a higher rate in the winter, especially in January and
February (see Figure 15). Regardless of aggregation level (i.e., by month or by year), agricultural carriers
have much higher power crash rates, nearly 4 times that of non-agricultural carriers.

Figure 14: Yearly Power Crash Rates, Jan. 2008 — Nov. 2018
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Figure 15: Power Crash Rates per Month, Jan. 2008 — Nov. 2018
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Meat and agricultural equipment carriers have the lowest power crash rates among all agricultural
carriers (see Figure 16). Carriers hauling fresh product and livestock exhibit power crash rates 5-7 times
higher than meat and agricultural equipment carriers. Again, this slight decrease in 2018 statistics could
be a result of lack of crash data continuation through December 2018. The trends in power crash rates are
increasing for all agricultural carriers over the last decade, but most especially for carriers that haul fresh
product, livestock, and logs (see Figure 16).

Figure 16: Yearly Power Crash Rates Within Agricultural Carriers, Jan. 2008 — Nov. 2018
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Crash rates based on the VMT give a better usage statistic. The number of crashes per 1 million VMT is
defined as

# of Crashes
Vehicle Miles Traveled / 1 million

VMT Crash Rate =
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Accidents are designated as either rural or urban using state and county FIPS codes'®. The VMT is
calculated via a weighted sum: the percent of crashes in rural areas multiplied by the number of rural
VMTs plus the percent of crashes in urban areas multiplied by the number of urban VMTs. This is
calculated for both agricultural and non-agricultural carriers.

The VMT crash rates for agricultural and non-agricultural carriers are similar during the first few years of
the data sample (i.e., 2008-2010) (see Figure 17). Starting in 2011, both VMT crash rates increase, but
slowly drift apart with the VMT crash rate for non-agricultural carriers increasing at a faster rate. As was
mentioned above, crash rates tend to dip in 2018, but may be attributed to the lack of December 2018
data. Agricultural carriers have slightly lower VMT crash rate than non-agricultural carriers, but both
groups follow the same monthly trend (see Figure 18). Both types of carriers have the highest VMT crash
rates in January and February.

From a simple comparison, agricultural carriers have a much higher power crash rate and a slightly lower
VMT crash rate than their non-agricultural carrier counterparts.

Figure 17: Yearly VMT Crash Rates, Jan. 2008 ~ Nov. 2018
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Y Rural-Urban Continuum Codes (RUCC) are used in order to identify rural and metropole divisions. More
detailed information can be found at https://www.ers.usda.gov/data-products/rural-urban-continuum-codes/
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Figure 18: VMT Crash Rates per Month, Jan. 2008 — Nov. 2018
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Figure 19: Number of Crashes per Month, Jan. 2008 — Oct. 2018
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The visually observed difference between the number of crashes of agricultural and non-agricultural
carriers is further investigated by means of a simple t-test (see Figure 19 and Table 7). Individual crashes
are aggregated by month over the sample period (2008-2018). The hypothesis of equal means is easily
rejected. The student t-statistic is -29.1340, and with 137 degrees of freedom, the p-value is less than
0.0001. Hence, the mean number of crashes between agricultural and non-agricultural carriers are
significantly different.
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Table 7: Two Group Mean Comparison Test Output Table

Observations Mean Std. Error Std. Deviation

130 1,875.26 27.58 314.41
130 6,323.75 150.18 1712.32
260 4,099.50 157.82 2,544.79
4,448.49 152,69

\ EMPIRICAL ESTIMATIONS

In the following analysis, crash severity is modeled by using logistic regression, ordered logistic
regression, and multinomial logistic regression. Agricultural carriers are found to have a higher likelihood
to be involved in severe accidents. The definition of agricultural carriers is further refined to include only
those truck body types that are best suited for hauling agricultural commodities. Again, agricultural
carriers are found to have a positive log odds value. Positive log odds imply a greater likelihood to be
involved in severe accidents or accidents with a higher number of injuries or fatalities. Negative log odds
imply a smaller likelihood to be involved in severe accidents or accidents with a lower number of injuries
or fatalities. For comparison purposes in the following analysis, a log odds value of -1, 0, and 1 correspond
to a probability of 25, 50, and 75 percent, respectively, that an accident is severe.

As traffic can compound the severity of accidents, we implement models that consider the rurality of the
crash site. Results are mixed. Agricultural carriers exhibit negative log odds in rural areas, but positive in
urban areas.

Lastly, a case study of Indiana is used to confirm our findings with the national-level dataset: agricultural
carriers exhibit higher log odds than their non-agricultural carrier counterparts.

CRASH SEVERITY ANALYSIS

By and large, crash investigation in the literature examines crash severity using both ordered and
unordered discrete outcome models (e.g., multinomial, nested logit, ordered logit, or ordered probit) as
well as Poisson and negative binomial models to examine the characteristics such as the number of
accidents or the number of fatalities (Gkritza et al., 2010; Park et al., 2010; Lemp et al., 2011; Pahukula et
al., 2015; Bagloee and Asadi, 2016; Zou et al., 2017; Ahmed et al., 2018).

All these models have their own unique benefits and detriments, and the choice of one method over the
other involves tradeoffs. This section includes a wide a variety of models (e.g., logit, ordered logit, etc.) to
determine whether carrier type (i.e., agricultural carrier vs. non-agricultural carrier) is related to crash
severity.

BINARY LOGISTIC REGRESSION

In this approach, the dependent variable is a dichotomous variable indicating whether an accident is
severe (i.e., there are injuries or fatalities), or not severe. Heavy trucks can cause more damage than
lighter trucks; hence, truck weight is included as a control variable. Weather conditions, interstate
accident, and rural firm location are included. The purpose of including the whether the home base of a
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truck is located in a rural location (i.e., zip code) is exploratory in nature. Dummy variables indicating
the year are also included (not reported).

Table 8: Coefficient Estimates — Logistic and Ordered Logistic Regressions for Crash Severity

Logistic Regression Ordered Logistic
Variable
Estimate Std. Error Estimate :

(Intercept) -0.9306*** 0.0119 - -
Agricultural Carrier 0.072%** 0.0071 0.0729%*** 0.007
Harvest Season 0.0639** 0.0051 0.0653*** 0.005
Agricultural * Harvest -0.0005 0.0132 -0.0044 0.013
Rural Firm 0.121%*** 0.0167 0.1266*** 0.0165
Vehicles in Accident 0.3597*** 0.0027 0.2717*** 0.0023
GVW <10,000 Ibs. -0.1102* 0.0504 -0.1216* 0.0497
GVW 2 26,000 Ibs. -0.0014 0.0058 0.0053 0.0057
Interstate -0.1542%** 0.006 -0.1501%** 0.0059
Adverse Weather -0.2241*** 0.0052 -0.2385%** 0.0051
Unknown Weather -0.0759%** 0.0164 -0.0755*** 0.0162
Road Condition = Dry 0.1239%** 0.0168 0.0995%** 0.0165
/cutl - - 0.7611 0.0114
/cut2 - - 3.823 0.0128

* P <0.05, #* p < 0.01, #** p <0.001 McFadden R-squared: 0.02 (Logistic), 0.015 (Ordered)

Results indicate that agricultural carriers are more prone to be involved in a severe accident compared to
non-agricultural carriers (see Table 8: Logistic Regression). Accidents occurring during harvest season
and trucks belonging to rural firms are also associated with more severe crashes. Interestingly, dry road
conditions are correlated with severe accidents.

MODELLING LEVELS OF SEVERITY

Following Bham et al. (2012), we implement a multinomial logistic regression model using the same
variables and controls as the binary logistic regression above. Agricultural carriers tend to be involved in
accidents with injuries or fatalities (see Table 9). Accidents in adverse weather or on an interstate have
lower odds for injury or accident.
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Table 9: Coefficient Estimates — Multinomial Logistic Regression for Crash Severity

Variable Fatalities
Estimate Std. Error Estimate Std. Error

(Intercept) -0.9883*** 0.0122 ~3.792%** 0.0312
Agricultural Carrier 0.0642%** 0.0072 0.1635%** 0.0193
Harvest Season 0.0615%*** 0.0052 0.0924 *** 0.0144
Agricultural * Harvest 0.0027 0.0135 -0.0393 0.0354
Rural Firm 0.0965%** 0.0172 0.3553*** 0.0407
Vehicles in Accident 0.3548%** 0.0027 0.4155*** 0.0034
GVW <10,000 Ibs. -0.0912 0.0511 -0.4471* 0.1892
GVW 2 26,000 lbs. -0.022]*** 0.0059 0.2763*** 0.0182
Interstate -0.1538*** 0.0062 -0.1576%*** 0.017
Adverse Weather -0.2121%*** 0.0053 -0.3772%** 0.0157
Unknown Weather -0.0916%*** 0.0169 0.0913* 0.0431
Road Condition = Dry 0.1603*** 0.017 -0.5320%** 0.0661

* p <0.05, %% p < 0.0, *** p <0.001 McFadden R-squared: 0.018

There is an inherent order in crash severity. In an ordered logistic model, the levels of the outcome
variable are coded in a way to incorporate the ordered nature of the outcome. The outcome variable,
crash severity, is defined to be one of three levels: (1) fatalities (most severe), (2) injuries, or (3) no
fatalities or injuries (least severe). The same controls used in the binary logistic and multinomial logistic
regression models are also used in the ordered logistic regression. The results suggest that the log odds
for agricultural carriers involved in an accident is 0.0729 when the other variables in the model are held
constant (see Table 8: Ordered Logistic). Since the log odds is positive, agricultural carriers are more
likely than non-agricultural carriers to be involved in severe accidents. Again, firms located in a rural
district and those accidents occurring during harvest season increases the odds of a severe accident.
Results are similar in magnitude, sign, and significance to the logistic regression results.

ROBUST CRASH SEVERITY ANALYSIS

In this section, agricultural cases are subdivided to compare their risk characteristics with non-
agricultural segments. We refine the definition of agricultural carriers to include only those types of
trucks that haul grain, livestock, or logs. These truck configurations can only accommodate said
commodities and are, therefore, ill-suited to carry anything else (see Table 10). There are certainly
limitations with this approach given that the carriers may select multiple cargo type classifications or
exclude multiply cargo types.
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Table 10: Agricultural Carrier Vehicle Subset

Cargo Type Vehicle Body Type # of Cases
Grain Hopper 6,072
Timber, Wood Logging 9,649
Livestock 4398

We first fit three separate models, one for each type of cargo (i.e., grain, log, and livestock), to measure
severe crashes. Those accidents with either injuries or fatalities (or both) are considered severe. The
dependent variable is dichotomies. The summary results are presented in Table 11. Full results are
contained in the appendix (see Tables 24-26). The results are mixed. The log odds for agricultural
carriers is negative (but not significant) for livestock, but positive and highly significant for trucks
carrying grain or logs (see Table 11). Hence, trucks transporting livestock have a lower likelihood to be
involved in a severe accident compared to non-agricultural trucks. Trucks transporting grain or logs are
consistent with the previous models presented in that they exhibit a higher likelihood to be involved in
more severe accidents.

Table 11: Coefficient Estimates — Logistic Regression for Subset of Crash Severity

Variable Grain Log Livestock
(Intercept) -0.9407*** -0.9461*** -0.9406***
Agricultural Carrier 0.2017*** 0.4875*** -0.0664
Harvest Season 0.0641*** 0.0642%*** 0.0641***
Agricultural * Harvest -0.0543 -0.027 0.1046
Rural Firm 0.0117 -0.036 0.0169
Vehicles in Accident 0.3584*** 0.3595*** 0.3588**=*
GVW < 10,000 Ibs. -0.0852 -0.0826 -0.0902
GVW > 26,000 lbs. -0.0071 -0.0077 -0.0074
Interstate -0.1478%*** -0.1434%*** -0.1476%***
Adverse Weather -0.22]1%** -0.2216%*** -0.22]***
Unknown Weather -0.0654*** -0.0017%*** -0.061**
Road Condition = Dry 0.1377%** 0.1392%x* 0.1386%***

* P <0.05, ** p <0.01, **x p <0.001

Since the severity of crash has an inherent order (i.e., fatalities, injuries, or no harm to human life),
ordered logistic regressions are implemented for each type of cargo (i.e., grain, log, and livestock). Results
are similar to the logistic regression results presented in Table 11 (see Table 12). The log odds for
agricultural carriers is negative (but not significant) for livestock, but positive and highly significant for
trucks carrying grain or logs. These specific results are identical in terms of sign and significance to
logistic regression presented in Table 11. Full results are contained in the appendix (see Tables 27-29).
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Table 12: Coefficient Estimates — Ordered Logistic Regression for Subset of Crash Severity

Livestock ‘

Variable Grain Log

Agricultural Carrier 0.2202%** 0.4793%*x -0.0651
Harvest Season 0.0655%*** 0.0656*** 0.0655%**
Agricultural * Harvest -0.0617 -0.0372 0.1049
Rural Firm 0.0159 -0.0307 0.0273
Vehicles in Accident 0.2695%** 0.2704*** 0.27%**
GVW <10,000 Ibs. -0.0964 -0.095 -0.1024
GVW > 26,000 lbs. 0.0003 -0.0004 -0.0002
Interstate -0.144%** -0.1394*** -0.1436%***
Adverse Weather -0.2364*** -0.237*** -0.2364***
Unknown Weather -0.0655%** -0.0614%** -0.0609%**
Road Condition = Dry 0.1129*** 0.1146%*** 0.1142%*=
/cutl 0.7688 0.7737 0.7688
/cut2 3.8426 3.8486 3.845

* P <0.05, ** p < 0.0, *** p < 0.001

CRASH SEVERITY ANALYSIS UNDER TRAFFIC DENSITY EXPOSURE

In this approach we switch from rurality of firm to include the rural-urban characteristics of the crash
site. VMT is chosen as the variable to account for the urban or rural location of truck accidents.

Negative Binomial Regression

The total number of injuries and fatalities per crash is best modeled by a method that accounts for count
data. Negative binomial regression is chosen over Poisson regression in order to adjust for over dispersion
of the outcome variable. Rural and urban VMT is used as the exposure variable in the negative binomial
regression to adjust for the over dispersion of the sum of injuries and fatalities. The variable indicating
firms located in a rural district is dropped and a few other variables describing the road are added (e.g,,
one-way road, two-way road without a median, etc.). Crashes in rural areas involving agricultural
carriers has a negative coefficient, while the same crashes in urban areas has a positive coefficient (see
Table 13). Both are significant at the 5 percent level. When combined (i.e., total VMT), the coefficient on
agricultural carriers is positive, but not significant. Full results are contained in the appendix (see Tables
30-32).
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Table 13: Coefficient Estimates — Negative Binomial Regression for Crash Severity with VMT

Variable Rural Urban Both
(Intercept) -4.6415%** -5.5994 *** -5.0838***
Agricultural Carrier -0.0453* 0.0113* 0.0089
Agricultural * Harvest 0.0130 0.0012 0.0018
Harvest Season -0.0593* -0.0099* -0.0226%***
One-Way -0.2284* -0.1453*** -0.1455%**
Two-Way Barrier -0.0246 -0.1104%** -0.1085%**
Two-Way Not Divided 0.0186 -0.0460%*** -0.0441***
GVW:10,000 - 26,000 Ibs. -0.1977 0.1032%** 0.0916**
GVW 2 26,000 Ibs. -0.1833 0.0714* 0.0613*
Adverse Weather 0.0053 -0.0228*** -0.0226%**
Road Condition = Dry -0.2254*** -0.1145%*** -0.1128***

* p <0.05, ** p <0.01, **x* p < 0.001

Logistic Regression

VMT was included in the negative binomial regression via the exposure variable. By defining the
dependent variable as those crashes involving injuries and/or fatalities vs. those without any harm to
human life, VMT is able to be included as an independent variable. Logistic regression is best suited to
deal with this binary dependent variable. VM Ts are differentiated across the rural and urban subsets in
the same way they are done in the negative binomial regression above. VMT is significant at the 0.1
percent level across all the subsets (i.e., rural, urban, both) (see Table 14). As was the case above, the
coefficient on agricultural carriers is negative for rural crashes and positive for urban crashes; however,
the rural coefficient is not significant, and the urban coefficient is highly significant. Also, the coefficient
on agricultural carriers for the full sample is positive, but highly significant unlike the results of the
negative binomial regression. Full results are contained in the appendix (see Tables 33-35). For
comparison purposes, the regression output table for a multinomial model is given in Appendix (see
Table 30). The results for agricultural carriers across Tables 13 and 14 are not as consistent as one would
expect; however, the coefficients match in both sign and magnitude. Levels of significance are similar for
the rural and urban columns, but much different in the ‘Both’ column (i.e., no level of significance in
Table 13, but highly significant in Table 14). This may have to do with the nuances of the statistical
techniques used to obtain the results.
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Table 14: Coefficient Estimates — Logistic Regression for Crash Severity with VMT

Rural Urban Both
(Intercept) -1.2709%*** -0.8802*** -0.8940***
Agricultural Carrier -0.0387 0.0249%** 0.0222%**
Agricultural * Harvest -0.0085 -0.0137 -0.0131
Rural VMT 0.0126*** - -
Urban VMT = 0.0031%*** =
Total VMT - - 0.0021***
Harvest Season -0.0062 0.0398*** 0.0332%**
One-Way -0.3084** -0.2114*** -0.2118%***
Two-Way Barrier -0.1028** -0.1984 *** -0.1964 ***
Two-Way Not Divided 0.0707** 0.0089 0.0111*
GVW:10,000 - 26,000 Ibs. -0.1143 0.1051** 0.0973**
GVW 2 26,000 lbs. -0.1035 0.0776* 0.0709*
Adverse Weather 0.1739%*** 0.0516*** 0.0563***
Road Condition = Dry -0.2760*** -0.2150%** -0.2145%**

* P <0.05, ** p <0.01, *** p < 0.001

STATE LEVEL CRASH SEVERITY ANALYSIS (INDIANA)

A state in the Midwest region was chosen (i.e., Indiana) as this region derives a large portion of their state-
level GDP from the agriculture sector. While the coefficients reported above are averaged values for the
whole U.S., Indiana acts as a case study in an agricultural rich economy. It must be mentioned, however,
that the results for Indiana may not be indicative of other, agricultural rich, state economies. Following the
identification method used for the national-level data, we have used the same method to identify
agricultural carriers in Indiana. This dataset has additional information for identifying agricultural carriers
above the national=level data used above. Specifically, the dataset contains information on what each
vehicle is used for. Those vehicles described as “personal (farm and company)” are considered as a vehicle
used for agricultural transportation. Following this definition of agricultural carriers, we examine whether
there is a difference between the rates of injury and fatality for agricultural and non-agricultural carriers.

RATES OF INJURY AND FATALITY

The first rates we explore are determined by simple calculations: the total number of fatalities or injuries
divided by the number of crashes for both agricultural and non-agricultural carriers. Agricultural carriers
have a higher rate of fatalities and injuries (see Table 15). In the following models, we analyze whether
these rates are significantly different or not.
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Table 15: Fatality and Injury Rates for Agricultural and Non-Agricultural Carriers (State-Level)

Fatality Rate Injury Rate
Agricultural Carrier 0.0369 0.2789
Non-Agricultural Carrier 0.0213 0.1834

Two separate binary logistic models set using dichotomous variables as to whether any fatalities and
injuries occurred in a collision, respectively. More specifically, the dependent variable takes on the value
of one if either an injury or fatality occur, and a zero when neither occur. Agricultural carriers have a
significantly higher log odds for fatality or injury in the event of an accident (see Table 16). The log odds
values of 0.5154 and 0.5509 translate to between a 60 and 65 percent probability of an injury or fatality.
Adverse weather also increases the chance of harm to human life. During harvest season, however, the
risk of injury or fatality in accidents decline. With a positive coefficient on agricultural carriers and a
negative coefficient on harvest season, it is no surprise that the interaction effect is not significant at the
5 percent level. The findings for fatalities and injuries diverge in respect: crashes on the interstate. The
log odds of fatalities are positive for interstate driving, while negative when modeling injuries. This is
most plausibly related to the speed of interstate driving. As stated above, year dummies are included (but
not reported in the tables).

Table 16: Logistic Regression with Presence of Fatality or Injury as Dependent Variable (State-
Level)

il Estimate Std. Error
Fatalit

(Intercept) -4.5352%** -1.7598%*** 0.0735 0.0260
Agricultural Carrier 0.5154*** 0.5509*** 0.0325 0.0139
Adverse weather 0.5579*** 0.2386%*** 0.0215 0.0082
Interstate 0.3555*** -0.1642*** 0.0481 0.0149
Agricultural * Harvest 0.0874 -0.0135 0.0630 0.0245
Harvest Season -0.4125%** -0.1540%** 0.0270 0.0094

£ P <0.05, #% p < 0.01, %% p < 0,001 |

Following the methods employed on the national-level dataset, a multinomial regression model is used to
segment the severity of collisions into three categories: (1) no injuries or fatalities, (2) injuries, and (3)
fatalities. The same controls are included as the logistic regression models immediately above. The results
are consistent in both magnitude and sign (see Table 17). Again, agricultural carriers are estimated to have
a positive log odds for fatalities and injuries in accidents.
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Table 17: Multinomial Logistic Regression with Severity of Collision as Dependent Variable (State-
Level)

Variable Estimate Std. Error

Fatalit j i Injury

(Intercept) -4.3786%** 1781%%* 0.0736 0.0268
Agricultural Carrier 0.6350%** 0.5410%** 0.0327 0.0145
Adverse weather 0.5916%** 0.1793*** 0.0216 0.0086
Interstate 0.3166%*** -0.200%*** 0.0482 0.0153
Agricultural * Harvest 0.0737 -0.013 0.0633 0.0254
Harvest Season -0.4321%*** -0.115%** 0.0271 0.0097

£ P <0.05, #% p < 0.01, %% p < 0,001 |

RATES OF INJURY AND FATLATIY PER CRASH

Instead of a total rate of injury or fatality, the rates of injury and fatalities per crash is considered (see
Table 18). The rates of injury and fatalities are similar to the rates calculated above (see Table 15) and the
difference in results is even larger: when agricultural carriers are involved in a crash, the rate of both
injury and fatality increase (see Table 18).

Table 18: Average Fatality and Injury per Collision for Agricultural and Non-Agricultural Carriers
(State-Level)

Fatality Rate per Crash Injury Rate per Crash

Agricultural Carrier 0.0636 0.7281
Non-Agricultural Carrier 0.0329 0.4345

The state-level regressions using data for Indiana implemented above focused on whether any injuries or
fatalities were present. Modelling the number of injuries and fatalities gives better insight into the
magnitude of harm truck involved crashes can inflict. The Poisson regression appropriately models count
data. Separate regressions are run to model the number of fatalities and the number of injuries. Results of
the regression are similar in magnitudes and signs as the previous state-level regressions (see Table 19).
Agricultural carriers, adverse weather, and interstate driving all increase the odds of injuries and
fatalities. Accidents occurring during the harvest season are, again, negatively associated with injuries
and fatalities.
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Table 19: Poisson model of Count of Fatalities and Injuries (State-Level)

Variable Estimate Std. Error
Fatalities Injuries Fatalities Injuries
(Intercept) ~4.1847%%x 1.4290%** 0.0593 0.0160
Agricultural Carrier 0.5918*** 0.5369%*** 0.0235 0.0069
Adverse weather 0.8152*** 0.7983*** 0.0173 0.0048
Interstate 0.1838%*** -0.0809%** 0.0360 0.0089
Agricultural * Harvest 0.1823%*** -0.1672%%* 0.0516 0.0151
Harvest Season -0.7499%** -0.4823%** 0.0239 0.0061

* P <0.05, #* p <0.01, #** p <0.001 McFadden R-squared: 0.094 (Fatality), 0.078 (Injury)

Thus far, the interaction term (i.e., agricultural carriers * harvest season) failed to attain any level of
significance using state-level data for Indiana. Employing the Poisson model, the interaction term is
positive for fatalities and negative for injuries, while being significant at the 0.1 percent level (see Table
19).

ROBUST STATE-LEVEL ANALYSIS (INDIANA)

Following the methods used on the national-level data, we define agricultural carriers as those types of
trucks that haul grain, livestock, or logs. These truck configurations can only accommodate said
commodities and are, therefore, ill-suited to carry anything else.

We fit three separate models, one for each type of cargo (i.e., grain, livestock, and log), to measure
fatalities, and three models to measure injuries. The dependent variable is dichotomies and measures the
presence of one or fatalities, or one or more injuries. Logistic regression best suited for this methodology.
The summary results for fatalities is presented in Table 20. Full results are contained in the appendix (see
Tables 37-39). The coefficient on agricultural carriers is positive for all three types of agricultural truck
types, but only significant for grain and livestock (see Table 20). Trucks carrying livestock have the
largest log odds of fatal accidents of the three truck types with a value of 1.4779. This translates to a
probability of fatalities when involved in an accident at just over 80 percent. Accidents occurring during
the harvest season are less likely to result in fatalities and the interaction term is not significant across
the three truck body types.
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Table 20: Logistic Regression Summary Results Measuring Fatalities, Subset by Agricultural Body

Type (State-Level)

Variable
Livestock

(Intercept) ~4.5555%** -4.5689%** -4.5463%*
Agricultural Carrier 0.4688*** 1.4779%*** 0.0491
Adverse weather 0.5275%** 0.5379*** 0.52068%***
Interstate 0.3335%** 0.3474%** 0.3543%**
Agricultural * Harvest 0.3544 0.1925 0.1362
Harvest Season -0.4151*** -0.4148*** -0.4153***

* p <0.05, ** p <0.01, *** p <0.001 ‘

Summary results for injuries is similar (see Table 21). Full results are contained in the appendix (see
Tables 40-42). The coefficient on accidents involving agricultural carriers is positive for injuries and this
is statistically significant at least at the 5 percent level (see Table 21). However, the log odds is negative
when accidents occur on the interstate when measuring injuries, but positive when measuring fatalities.
Interestingly, the interaction term for carriers hauling logs is significant when measuring injuries, but
insignificant when measuring fatalities.

Table 21: Logistic Regression Summary Results Measuring Injuries, Subset by Agricultural Body
Type (State-Level)

Injury

Variable

Livestock
(Intercept) -1.7536%** -1.7503%** -L7713%**
Agricultural Carrier 0.6695*** 0.3384* 0.4865***
Adverse weather 0.2239%%** 0.225]%** 0.2265%%**
Interstate -0.1739*** -0.1767*** -0.1619***
Agricultural * Harvest 0.0209 0.2073 0.1454**
Harvest Season -0.1548*** -0.1548*** -0.1546***

* P <0.05, ** p <0.01, *** p < 0.001 ‘

To confirm the evidence that agricultural carrier involved truck crashes lead to a higher rate of injury and
fatality, three multinomial models are estimated, one for each truck body type: grain, livestock, and log.
The levels used for multinomial estimation is the same as above: (1) no injuries or fatalities, (2) injuries,
and (3) fatalities. Full results are contained in the appendix (see Tables 43-45).
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Table 22: Multinomial Logistic Regression Summary Results Measuring Fatalities, Subset by
Agricultural Body Type (State-Level)

Fatality

Variable

Livestock
(Intercept) ~4.3016%** -4.4032%%% ~4.3866%**
Agricultural Carrier 0.6275*** 1.4629%** 0.1673*
Adverse weather 0.5566%** 0.5669%*** 0.5568%***
Interstate 0.2042%** 0.3072%*** 0.3175***
Agricultural * Harvest 0.3474 0.2950 0.1503
Harvest Season -0.4347*** -0.4345%** -0.4349%**

%P <0.05, %% < 0.0L, %% p < 0.001 |

Tables 22 and 23 summarize the results of the multinomial models. The coefficients for agricultural
carriers are positive and significant for each of the body types for both fatality and injury, except for the
coefficient on livestock measuring injury, which is negative and not significant at the 5 percent level (see
Tables 22 and 23). The coefficients on accidents occurring during the harvest season are all negative and
significant, while the coefficients indicating adverse weather are positive and significant at the 0.1
percent level.

Table 23: Multinomial Logistic Regression Summary Results Measuring Injuries, Subset by
Agricultural Body Type (State-Level)

Variable

Livestock
(Intercept) -L.7731%** -1.7697*** -1.7964***
Agricultural Carrier 0.6800**=* -0.0858 0.5333%**
Adverse weather 0.1671%** 0.1671%** 0.1714%**
Interstate -0.2097*** -0.2123*** -0.1959***
Agricultural * Harvest 0.0219 0.5378* 0.0977
Harvest Season -0.1160*** -0.1160*** -0.1156%***

%P <0.05, %% p < 0.0L, %% p < 0.001 |

IV. CONCLUSIONS

Congress has granted certain exemptions for shipment of agricultural products (especially to those
carriers operating within the 150 air-mile radius of the farm). A central component crucial to determine
the effect of these exemptions is to better understand the safety record of agricultural carriers. Our crash
rate analysis findings give mixed results. Agricultural carriers are safer than non-agricultural carriers for
the period January 2008 through October 2018 when considering VMT crash rates; however, the
opposite is true when considering power crash rates. In both cases, correctly identifying or separating
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out trucks that are actually carrying agricultural products is difficult given the available accident and
motor carrier data available.

Crash severity is modeled by a variety of methods. Agricultural carriers are found to have a positive log
odds value, implying a greater likelihood to be involved in severe accidents as compared to non-
agricultural trucks. The definition of agricultural carriers is further refined to include only those truck
body types that would be ill suited for hauling non-agricultural commodities. Again, agricultural carriers
are found to have a positive log odds value.

In line with the VMT crash rate, VMT is added to the crash severity models to be model the effect of
traffic and rurality of the crash site. Results are mixed. Agricultural carriers exhibit negative log odds in
rural areas, but positive in urban areas, generally; however, the level of significance of these results is low,
rarely reaching the 5 percent cutoff level.

A state-level analysis using data for Indiana was completed to determine whether our findings with the
national-level dataset are consistent. In general, the national-level results are comparable with the results
from Indiana. Agricultural carriers exhibit higher log odds than their non-agricultural carrier
counterparts, which translates to a higher probability of injury and fatality when agricultural trucks are
involved in an accident. Using the state-level data to refine the definition of agricultural carriers to
include only those truck body types that would be ill suited for hauling non-agricultural commodities
provides further evidence that agricultural carriers tend to be in more severe crashes than non-
agricultural carriers.

Taken all together, when agricultural carriers are involved in accidents, the results suggest that one can
expect a higher likelihood for injury or loss to human life.
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VI. APPENDIX

Table 24: Logistic Regression Model Using Only Grains Carriers

Variable

(Intercept)
Agricultural Carrier
Harvest Season
Agricultural * Harvest
Rural Firm

Vehicles in Accident
GVW <10,000 Ibs.
GVW > 26,000 lbs.
Interstate

Adverse Weather
Unknown Weather
Road Condition = Dry
year2009

year2010

year2011

year2012

year2013

year2014

year2015

year2016

year2017

year2018

Estimate
-0.94Q7%***
0.2017%**
0.0641%***
-0.0543
0.0117
0.3584***
-0.0852
-0.0071
-0.1478%**
-0.2211%**
-0.0654***
0.1377%**
0.0367**
0.0441%**
0.002
-0.0016
-0.0606***
-0.1112%**
-0.1614***
-0.181***
-0.1989***
-0.2136***

Std. Error
0.0129
0.0354
0.0051
0.0576
0.0597
0.0029
0.0534
0.0062
0.0065
0.0056
0.0176
0.0179
0.0124
0.0121
0.0119
0.0117
0.0114
0.011
0.0109
0.0107
0.0106
0.0108

McFadden R-squared: 0.02
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Table 25: Logistic Regression Model Using Only Log Carriers

Variable Estimate Std. Error ‘
(Intercept) -0.9461*** 0.0129
Agricultural Carrier 0.4875%** 0.0274
Harvest Season 0.0642x** 0.0051
Agricultural * Harvest -0.027 0.0464
Rural Firm -0.036 0.0472
Vehicles in Accident 0.3505%** 0.0029
GVW <10,000 Ibs. -0.0826 0.0534
GVW > 26,000 Ibs. -0.0077 0.0062
Interstate -0.1434*** 0.0065
Adverse Weather -0.2216%*** 0.0055
Unknown Weather -0.0617*** 0.0177
Road Condition = Dry 0.1392%*= 0.0179
year2009 0.0379** 0.0124
year2010 0.0449%** 0.0121
year2011 0.0019 0.0119
year2012 -0.0016 0.0117
year2013 -0.0612*** 0.0114
year2014 -0.1117%** 0.011
year2015 -0.1625%** 0.0108
year2016 -0.1806%*** 0.0107
year2017 -0.1985%** 0.0106
year2018 -0.2143%*** 0.0108

McFadden R-squared: 0.02 ‘
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Table 26: Logistic Regression Model Using Only Livestock Carriers

Variable Estimate Std. Error ‘
Intercept -0.9406%** 0.0129
( p
Agricultural Carrier -0.0664 0.0423
Harvest Season 0.0641*** 0.0051
Agricultural * Harvest 0.1046 0.0706
Rural Firm 0.0169 0.071
Vehicles in Accident 0.3588%** 0.0029
GVW < 10,000 lbs. -0.0902 0.0533
GVW » 26,000 lbs. -0.0074 0.0062
Interstate -0.1476*** 0.0065
Adverse Weather ~0.22]%** 0.0056
Unknown Weather -0.061** 0.0177
Road Condition = Dry 0.1386*** 0.0179
year2009 0.0349*=* 0.0124
year2010 0.0420%** 0.0121
year2011 0.0007 0.0119
year2012 -0.0021 0.0117
year2013 -0.0611*** 0.0114
year2014 -0.1133%** 0.011
year2015 -0.1626*** 0.0109
year2016 -0.1814*** 0.0107
year2017 ~Q.2x** 0.0106
year2018 -0.2140%** 0.0108

McFadden R-squared: 0.02 ‘
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Table 27: Ordered Logistic Regression Model Using Only Grains Carriers

Variable Estimate Std. Error ‘
Agricultural Carrier 0.2202%** 0.0351
Harvest Season 0.0655*** 0.005
Agricultural * Harvest -0.0617 0.0571
Rural Firm 0.0159 0.0593
Vehicles in Accident 0.2695*** 0.0024
GVW < 10,000 lbs. -0.0964 0.0526
GVW > 26,000 lbs. 0.0003 0.0061
Interstate -0.144%*** 0.0064
Adverse Weather -0.2364*** 0.0055
Unknown Weather -0.0655%** 0.0174
Road Condition = Dry 0.1129%*** 0.0175
year2009 0.0325%* 0.0122
year2010 0.0424**=* 0.0119
year20l11 -0.001 0.0117
year2012 0.0014 0.0115
year2013 -0.0589*** 0.0112
year2014 -0.113*** 0.0109
year2015 -0.1569*** 0.0107
year2016 -0.1761*** 0.0106
year2017 -0.193*** 0.0104
year2018 -0.2111%** 0.0106
/cutl 0.7688 0.0123
/cut2 3.8426 0.0138

McFadden R-squared: 0.015 ‘
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Table 28: Ordered Logistic Regression Model Using Only Log Carriers

Variable Estimate Std. Error ‘
Agricultural Carrier 0.4793%** 0.0269
Harvest Season 0.06506*** 0.005
Agricultural * Harvest -0.0372 0.0455
Rural Firm -0.0307 0.0464
Vehicles in Accident 0.2704*** 0.0024
GVW < 10,000 lbs. -0.095 0.0526
GVW » 26,000 lbs. -0.0004 0.0061
Interstate -0.1394*** 0.0064
Adverse Weather -0.237%** 0.0055
Unknown Weather -0.0614%** 0.0175
Road Condition = Dry 0.1146%*** 0.0175
year2009 0.0332%* 0.0123
year2010 0.0427**=* 0.0119
year20l11 -0.0017 0.0117
year2012 0.0013 0.0115
year2013 -0.0593*** 0.0112
year2014 -0.1139*** 0.0109
year2015 -0.1584*** 0.0107
year2016 -0.1761*** 0.0106
year2017 -0.1927*** 0.0104
year2018 -0.2118%*** 0.0106
/cutl 0.7737 0.0123
/cut2 3.8486 0.0138

McFadden R-squared: 0.015 ‘
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Table 29: Ordered Logistic Regression Model Using Only Livestock Carriers

Variable Estimate Std. Error ‘
Agricultural Carrier -0.0651 0.042
Harvest Season 0.0655*** 0.005
Agricultural * Harvest 0.1049 0.0699
Rural Firm 0.0273 0.0705
Vehicles in Accident 0.27*** 0.0024
GVW <10,000 Ibs. -0.1024 0.0525
GVW > 26,000 Ibs. -0.0002 0.0061
Interstate -0.1430%*** 0.0064
Adverse Weather -0.2364*** 0.0055
Unknown Weather -0.0609%** 0.0175
Road Condition = Dry 0.1142%** 0.0175
year2009 0.0309* 0.0123
year2010 0.0409** 0.0119
year20l11 -0.0024 0.0117
year2012 0.0011 0.0115
year2013 -0.0591*** 0.0112
year2014 -0.1149*** 0.0109
year2015 -0.1578%*** 0.0107
year2016 -0.1764*** 0.0106
year2017 -0.1939*** 0.0104
year2018 -0.2122%** 0.0106
/cutl 0.7688 0.0123
[cut2 3.845 0.0139

McFadden R-squared: 0.015 ‘
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Table 30: Negative Binomial Model Using Rural Crashes

Variable Coefficient Std. Error ‘
(Intercept) -4.6415%** 0.1715
Agricultural Carrier -0.0453* 0.0222
Agricultural * Harvest 0.0130 0.0391
Harvest Season -0.0593* 0.0242
One-Way -0.2284* 0.0952
Two-Way Barrier -0.0246 0.0333
Two-Way Not Divided 0.0186 0.0207
GVW:10,000 - 26,000 Ibs. -0.1977 0.1688
GVW 2 26,000 lbs. -0.1833 0.1669
Adverse Weather 0.0053 0.0314
Road Condition = Dry -0.2254*** 0.0304
year2009 -0.0628*** 0.0431
year2010 -0.0543 0.0416
year20l11 -0.0117 0.0413
year2012 0.0199 0.0401
year2013 -0.0811* 0.0408
year2014 -0.0458 0.0392
year2015 -0.1745%** 0.0396
year2016 -0.1466*** 0.0400
year2017 -0.0771 0.0442
year2018 -0.1398** 0.0433

McFadden R-squared: 0.003 ‘
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Table 31: Negative Binomial Model Using Urban Crashes

Variable Coefficient Std. Error ‘
(Intercept) -5.5094*x* 0.0289
Agricultural Carrier 0.0113* 0.0051
Agricultural * Harvest 0.0012 0.0097
Harvest Season -0.0099* 0.0043
One-Way -0.1453%** 0.0125
Two-Way Barrier -0.1104*** 0.0047
Two-Way Not Divided -0.0460%** 0.0043
GVW:10,000 - 26,000 Ibs. 0.1032%*** 0.0280
GVW 2 26,000 lbs. 0.0714* 0.0277
Adverse Weather -0.0228%*** 0.0065
Road Condition = Dry -0.1145%** 0.0064
year2009 0.0342%** 0.0089
year2010 -0.0085 0.0087
year20l11 -0.0203* 0.0090
year2012 -0.0232%* 0.0086
year2013 -0.0455%** 0.0086
year2014 -0.1189%*** 0.0086
year2015 -0.1736%** 0.0083
year2016 -0.2126*** 0.0089
year2017 -0.2620*** 0.0079
year2018 -0.2766*** 0.0081

McFadden R-squared: 0.003 ‘
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Table 32: Negative Binomial Model Using All Crashes

Variable Coefficient Std. Error ‘
(Intercept) -5.9838%** 0.0287
Agricultural Carrier 0.0089 0.0050
Agricultural * Harvest 0.0018 0.0094
Harvest Season -0.0226*** 0.0043
One-Way -0.1455*** 0.0124
Two-Way Barrier -0.1085%** 0.0047
Two-Way Not Divided -0.0441%** 0.0042
GVW:10,000 - 26,000 Ibs. 0.0916** 0.0278
GVW 2 26,000 lbs. 0.0613* 0.0275
Adverse Weather -0.0226%*** 0.0064
Road Condition = Dry -0.1128%*** 0.0063
year2009 0.0112 0.0087
year2010 -0.0142 0.0085
year20l11 -0.0225* 0.0088
year2012 -0.0258** 0.0084
year2013 -0.0514*** 0.0084
year2014 -0.1015*** 0.0084
year2015 -0.1603*** 0.0082
year2016 -0.1751%*** 0.0087
year2017 -0.2230%** 0.0078
year2018 -0.2383%*** 0.0080

McFadden R-squared: 0.002 ‘
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Table 33: Logistic Regression for Crash Severity with Rural VMT

Variable Coefficient Std. Error ‘
(Intercept) -1.2709%*** 0.2245
Agricultural Carrier -0.0387 0.0264
Agricultural * Harvest -0.0085 0.0503
Rural VMT 0.0126*** 0.0016
Harvest Season -0.0062 0.0322
One-Way -0.3084** 0.1123
Two-Way Barrier -0.1028** 0.0384
Two-Way Not Divided 0.0707** 0.0255
GVW: 10,000 - 26,000 lbs. -0.1143 0.1801
GVW 2 26,000 Ibs. -0.1035 0.1771
Adverse Weather 0.1739*** 0.0321
Road Condition = Dry -0.2760%*** 0.0331
year2009 -0.0924 0.0577
year2010 -0.0944 0.0555
year2011 -0.0322 0.0537
year2012 -0.0103 0.0534
year2013 -0.1430** 0.0525
year2014 -0.0838 0.0512
year2015 -0.2211*** 0.0523
year2016 -0.2167*** 0.0527
year2017 -0.2479%*** 0.0516
year2018 -0.2406*** 0.0528

McFadden R-squared: 0.011 ‘
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Table 34: Logistic Regression for Crash Severity with Urban VMT

Variable Coefficient Std. Error ‘
ntercept -0. .

(I pt) 0.8802%x* 0.0526
Agricultural Carrier 0.0249**= 0.0057
Agricultural * Harvest -0.0137 0.0110
Urban VMT 0.0031%*** 0.0002
Harvest Season 0.0398%*** 0.0054
One-Way -0.2114%** 0.0109
Two-Way Barrier -0.1984*** 0.0052
Two-Way Not Divided 0.0089 0.0051
GVW: 10,000 - 26,000 Ibs. 0.1051** 0.0348
GVW 2 26,000 Ibs. 0.0776* 0.0345
Adverse Weather 0.0516*** 0.0069
Road Condition = Dry -0.2150%*** 0.0070
year2009 0.0363** 0.0109
year2010 0.0205 0.0106
year2011 -0.0160 0.0105
year2012 -0.0334** 0.0104
year2013 -0.0709*** 0.0101
year2014 -0.1390%** 0.0101
year2015 -0.1963*** 0.0103
year2016 -0.2262%*** 0.0108
year2017 -0.2523*** 0.0109
year2018 -0.2684*** 0.0113

McFadden R-squared: 0.005 ‘
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Table 35: Logistic Regression for Crash Severity with Total VMT

Variable Coefficient Std. Error ‘
(Intercept) -0.8940%** 0.0478
Agricultural Carrier 0.0222%** 0.0055
Agricultural * Harvest -0.0131 0.0107
Total VMT 0.0021*** 0.0001
Harvest Season 0.0332%** 0.0053
One-Way -0.2118%*** 0.0109
Two-Way Barrier -0.1964%** 0.0052
Two-Way Not Divided 0.0111* 0.0050
GVW: 10,000 - 26,000 Ibs. 0.0973** 0.0342
GVW 2 26,000 Ibs. 0.0709* 0.0339
Adverse Weather 0.0563*** 0.0068
Road Condition = Dry -0.2145%** 0.0068
year2009 0.0227* 0.0107
year2010 0.0144 0.0104
year2011 -0.0176 0.0103
year2012 -0.0344** 0.0102
year2013 -0.0757%** 0.0100
year2014 -0.1297%** 0.0097
year2015 -0.1903%*** 0.0099
year2016 -0.2074%** 0.0098
year2017 -0.2345%** 0.0099
year2018 -0.2493%*** 0.0101

McFadden R-squared: 0.006 ‘
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Table 36: Multinomial Logistic Regression of Crash Severity Including VMT

Rural Urban Both ‘
(Intercept) -1.2709*** -0.8892*** -0.8940***
Agricultural Carrier -0.0387 0.0249%** 0.0222%**
Agricultural * Harvest -0.0085 -0.0137 -0.0131
Rural VMT 0.0126%***
Urban VMT 0.0031%***
Total VMT 0.0021***
Harvest Season -0.0062 0.0398*** 0.0332***
One-Way -0.3084** -0.2114*** -0.2118%***
Two-Way Barrier -0.1028** -0.1984 *** -0.1964 ***
Two-Way Not Divided 0.0707** 0.0089 0.0111*
GVW:10,000 - 26,000 Ibs. -0.1143 0.1051** 0.0973**
GVW 2 26,000 lbs. -0.1035 0.0776* 0.0709*
Adverse Weather 0.1739%*** 0.0516*** 0.0563***
Road Condition =Dry -0.2760*** -0.2150%** -0.2145%**

McFadden R-squared: 0.011 (Rural), 0.005 (Urban), 0.006 (Both) ‘
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Table 37: Logistic Regression Model of Fatality Using Only Grains Carriers (State-Level)

Variable Estimate Std. Error
(Intercept) -4.5555%** 0.0811
Agricultural Carrier 0.4688*** 0.1084
Adverse weather 0.5275%** 0.0235
Interstate 0.3335%** 0.0501
Agricultural * Harvest 0.3544 0.1885
Harvest Season -0.4151%*** 0.0270
year2009 0.9288*** 0.0796
year2010 -0.0307 0.0943
year2011 0.1532 0.0842
year2012 0.3167*** 0.0771
year2013 0.7665%*** 0.0707
year2014 0.7972%** 0.0689
year2015 0.2311** 0.0719
year2016 -0.4005%*** 0.0766
year2017 -0.2432%* 0.0751

McFadden R-squared: 0.034 ‘
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Table 38: Logistic Regression Model of Fatality Using Only Livestock Carriers (State-Level)

Variable Estimate Std. Error
(Intercept) -4.5689%*** 0.0820
Agricultural Carrier 1.4779%** 0.1996
Adverse weather 0.5379%** 0.0236
Interstate 0.3474*** 0.0510
Agricultural * Harvest 0.1925 0.3478
Harvest Season -0.4148%** 0.0270
year2009 0.9261*** 0.0801
year2010 -0.0660 0.0958
year2011 0.1417 0.0849
year2012 0.3201*** 0.0775
year2013 0.7687*** 0.0711
year2014 0.7969%*** 0.0693
year2015 0.2192** 0.0724
year2016 -0.4097%** 0.0772
year2017 -0.2614*** 0.0757

McFadden R-squared: 0.035 ‘
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Table 39: Logistic Regression Model of Fatality Using Only Log Carriers (State-Level)

Variable Estimate Std. Error
(Intercept) -4.5463%** 0.0802
Agricultural Carrier 0.0491 0.0850
Adverse weather 0.5268%** 0.0234
Interstate 0.3543%** 0.0503
Agricultural * Harvest 0.1362 0.1614
Harvest Season -0.4153%** 0.0270
year2009 0.8835%*** 0.0787
year2010 -0.0416 0.0928
year2011 0.0939 0.0837
year2012 0.2023%** 0.0759
year2013 0.7599%** 0.0694
year2014 0.7521%** 0.0677
year2015 0.2036** 0.0707
year2016 -0.4080%** 0.0752
year2017 -0.2792%** 0.0740

McFadden R-squared: 0.033 ‘
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Table 40: Logistic Regression Model of Injury Using Only Grain Carriers (State-Level)

Variable Estimate Std. Error
(Intercept) -1.7536%** 0.0281
Agricultural Carrier 0.6695%*** 0.0443
Adverse weather 0.2230%*= 0.0089
Interstate -0.1739%** 0.0155
Agricultural * Harvest 0.0209 0.0760
Harvest Season -0.1548*** 0.0094
year2009 0.4368*** 0.0332
year2010 0.472]1%** 0.0319
year2011 0.4409*x* 0.0301
year2012 0.342]%*** 0.0286
year2013 0.3897*** 0.0273
year2014 0.4464%*** 0.0263
year2015 0.3777*** 0.0265
year2016 0.4793*** 0.0262
year2017 0.2530*** 0.0265

McFadden R-squared: 0.005 ‘
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Table 41: Logistic Regression Model of Injury Using Only Livestock Carriers (State-Level)

Variable Estimate Std. Error
(Intercept) -1.7503*** 0.0284
Agricultural Carrier 0.3384* 0.1372
Adverse weather 0.2251%*** 0.0089
Interstate -0.1767*** 0.0157
Agricultural * Harvest 0.2073 0.2301
Harvest Season -0.1548*** 0.0094
year2009 0.4438*** 0.0334
year2010 0.4745%** 0.0322
year2011 0.4373*** 0.0304
year2012 0.3413%** 0.0289
year2013 0.3899*** 0.0275
year2014 0.4462%*x 0.0266
year2015 0.3764%*** 0.0267
year2016 0.4800*** 0.0264
year2017 0.2446%** 0.0267

McFadden R-squared: 0.005 ‘
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Table 42: Logistic Regression Model of Injury Using Only Log Carriers (State-Level)

Variable Estimate Std. Error
(Intercept) -1.7713%** 0.0279
Agricultural Carrier 0.4865*** 0.0295
Adverse weather 0.2265%** 0.0088
Interstate -0.1619%*** 0.0154
Agricultural * Harvest 0.1454** 0.0512
Harvest Season -0.1546%** 0.0094
year2009 0.4452%** 0.0328
year2010 0.4815*** 0.0315
year2011 0.4366*** 0.0298
year2012 0.3503*** 0.0283
year2013 0.3993%*** 0.0270
year2014 0.4456*** 0.0261
year2015 0.3812%** 0.0262
year2016 0.5019%*** 0.0259
year2017 0.2473*** 0.0262

McFadden R-squared: 0.006 ‘
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Table 43: Multinomial Model of Collision Severity for Grain Carriers vs. Non-Agricultural Carriers

(State-Level)

Estimates Std. Error

Variable

(Intercept) -4.3916%** L7731* 0.0812 0.0290
Agricultural Carrier 0.6275%*** 0.6800%** 0.1092 0.0459
Adverse weather 0.5566%*** 0.1671**=* 0.0235 0.0092
Interstate 0.2042%** -0.2097*** 0.0502 0.0159
Agricultural * Harvest 0.3474 0.0219 0.1898 0.0782
Harvest Season -0.4347*** -0.1160%*** 0.0271 0.0097
year2009 0.9782%*** 0.3232%** 0.0798 0.0350
year2010 0.0522 0.5038*** 0.0945 0.0327
year20l11 0.2297** 0.4715%** 0.0844 0.0309
year2012 0.3638%*** 0.3097%*** 0.0772 0.0296
year2013 0.8099*** 0.2880*** 0.0708 0.0284
year2014 0.8505%** 0.3455%** 0.0690 0.0274
year2015 0.2883%*** 0.3674*** 0.0720 0.0274
year2016 -0.3154*** 0.5155*** 0.0767 0.0270
year2017 -0.2006** 0.2813*** 0.0752 0.0273

McFadden R-squared: 0.01 ‘
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Table 44: Multinomial Model of Collision Severity for Livestock Carriers vs. Non-Agricultural

Carriers (State-Level)

Estimates Std. Error

Variable

(Intercept) 4.4030% % 17697%** 0.0821 0.0292
Agricultural Carrier 1.4629*** -0.0858 0.2015 0.1689
Adverse weather 0.5669%*** 0.1671%*** 0.0237 0.0093
Interstate 0.3072%*** -0.2123*** 0.0511 0.0160
Agricultural * Harvest 0.2950 0.5378* 0.3521 0.2634
Harvest Season -0.4345%*** -0.1160%*** 0.0271 0.0098
year2009 0.9759*** 0.3280%** 0.0803 0.0353
year2010 0.0164 0.5058*** 0.0960 0.0330
year20l11 0.2172* 0.4714*** 0.0851 0.0312
year2012 0.3665*** 0.3077%** 0.0776 0.0299
year2013 0.8115%** 0.2874*** 0.0712 0.0287
year2014 0.8492*** 0.3437%** 0.0694 0.0276
year2015 0.2757*** 0.3674*** 0.0725 0.0276
year2016 -0.3250%** 0.5179*** 0.0773 0.0272
year2017 -0.2209%* 0.2740%** 0.0758 0.0275

McFadden R-squared: 0.01 ‘
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Table 45: Multinomial Model of Collision Severity for Log Carriers vs. Non-Agricultural Carriers
(State-Level)

il Estimates ‘ Std. Error

(Intercept) -4.3866*** -1.7964*** 0.0803 0.0287
Agricultural Carrier 0.1673* 0.5333%*=* 0.0853 0.0302
Adverse weather 0.5568*** 0.1714*** 0.0234 0.0092
Interstate 0.3175%**=* -0.1959%*** 0.0504 0.0158
Agricultural * Harvest 0.1503 0.0977 0.1620 0.0524
Harvest Season -0.4349%*** -0.1156%*** 0.0271 0.0097
year2009 0.9353%** 0.3372%** 0.0789 0.0346
year2010 0.0429 0.5131*** 0.0929 0.0324
year20l11 0.1704* 0.47209%** 0.0838 0.0306
year2012 0.3412%** 0.3209*** 0.0760 0.0293
year2013 0.8051*** 0.2082%** 0.0695 0.0281
year2014 0.8061%*** 0.3501*** 0.0678 0.0271
year2015 0.2619%*** 0.3738%*** 0.0708 0.0271
year2016 -0.3179*** 0.5407*** 0.0753 0.0267
year2017 -0.2372%* 0.2701*** 0.0741 0.0270

McFadden R-squared: 0.011 ‘
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