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Problem: Fatal injuries in the agriculture, forestry, and fishing sector (AgFF) outweigh those across all sec-
tors in the United States. Transportation-related injuries are among the top contributors to these fatal
events. However, traditional occupational injury surveillance systems may not completely capture
crashes involving farm vehicles and logging trucks, specifically nonfatal events.Methods: The study aimed
to develop an integrated database of AgFF-related motor-vehicle crashes for the southwest (Arkansas,
Louisiana, NewMexico, Oklahoma, and Texas) and to use these data to conduct surveillance and research.
Lessons learned during the pursuit of these aims were cataloged. Activities centered around the conduct
of traditional statistical and geospatial analyses of structured data fields and natural language processing
of free-text crash narratives. Results: The structured crash data in each state include fields that allowed
farm vehicles or equipment and logging trucks to be identified. The variable definitions and coding were
not consistent across states but could be harmonized. All states recorded data fields pertaining to person,
vehicle, and crash/environmental factors. Structured data supported the construction of crash severity
models and geospatial analyses. Law enforcement provided additional details on crash causation in
free-text narratives. Crash narratives contained sufficient text to support viable machine learning models
for farm vehicle or equipment crashes, but not for logging truck narratives. Discussion: Crash records can
help to fill research and surveillance gaps in AgFF in the southwest region. This supports traffic safety’s
evolution to the current Safe System paradigm. There is a conceptual linkage between the Safe System
and Total Worker Health approaches, providing a bridge between traffic safety and occupational health.
Practical Applications: Despite limitations, crash records can be an important component of injury surveil-
lance for events involving AgFF vehicles. They also can be used to inform the selection and evaluation of
traffic countermeasures and behavioral interventions.
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1. Introduction

Fatal occupational injury rates in the Agriculture, Forestry, Fish-
ing and Hunting (AgFF) sector are among the highest in the United
States. Based on Census for Fatal Occupational Injury (CFOI) data,
the fatal injury rate in AgFF was 23.1 per 100,000 full time equiv-
alents (FTE) versus a rate of 3.5 per 100,000 FTEs for all workers in
2019 (BLS, 2020a). Transportation events including motor vehicle
crashes contribute heavily to this overrepresentation (CDC, 2011;
NIOSH, 2016a; Perritt et al., 2017). In 2018, transportation events
accounted for 47.7% of all fatalities in AgFF (BLS, 2019). In terms
of the number of workers at risk, there are an estimated 2.4 million
salary and wage, self-employed, and unpaid workers in agriculture
and related industries (BLS, 2020b). Motor-vehicle and transporta-
tion events also burden youth in AgFF. Among youth under
18 years who were fatally injured in the agriculture production
industry from 1994 to 2013, the most frequent type of fatal injury
event was transportation (>60%) and the most frequent injury
source was vehicle (>50%) (Perritt et al., 2017). With respect to
nonfatal injuries, motor vehicles were a leading injury source for
AgFF youth working on their family farm (NIOSH, 2016a). Five
states comprise the southwest region, the focus of the National
Institute for Occupational Safety and Health (NIOSH)-sponsored
Southwest Center for Agricultural Health, Injury Prevention, and
Education at The University of Texas at Tyler, including Arkansas,
Louisiana, New Mexico, Oklahoma, and Texas. Historically, the rate
of occupational highway transportation fatalities in the southwest
region also exceeds national rates based on an in-depth analysis of
occupational highway transportation fatalities (CDC, 2011).

Regarding common types of motor vehicles and equipment,
there are nearly 3.5 million trucks including pickups, over 4 million
tractors, and over 400,000 self-propelled pieces of equipment (e.g.,
grain and bean combines, cotton pickers and strippers, and forage
harvesters) being operated on farms in the United States (USDA
NASS, 2019). Approximately 14.7% of the nation’s farm trucks, trac-
tors, and self-propelled vehicles are in the five-state southwest
region (USDA NASS, 2019). Farm vehicles have an increased crash
risk since they are slow moving, difficult for other drivers to antic-
ipate with respect to speed differentials and how they use the
roadway compared to other roadway users, often lack seatbelts,
and travel in rural areas, where high speeds prevail (Aarts &
Schagen, 2006). The width of some of these vehicles and equip-
ment also extend beyond the lane width, which may make it diffi-
cult for AgFF drivers to pull over onto a shoulder to allow another
vehicle or roadway user to safely pass (TDI, 2019).

In terms of logging trucks, they are the primary transport for
forestry products and account for more than half of logging busi-
ness expenses (Roberts et al., 2005; Shaffer & Stuart, 2005). Illus-
trating this point, over 473 million tons of logs and other wood
in the rough were moved by trucks in 2017 (FHWA, 2021). Crashes
account for almost one-third of occupational fatalities in the log-
ging industry in the United States (BLS, 2019a). Due to their
increased risk for occupational injury, truck drivers are a priority
population for the NIOSH Center for Motor Vehicle Safety
(NIOSH, 2020a). Nationally, logging crashes have increased since
2012 and are expected to continue along this trajectory (Baker &
Tyson, 2017; Cole, 2018; Conrad, 2018). The trend is a concern
given the shortage of truck drivers in logging, along with an aging
workforce (Costello & Karickhoff, 2019).

In 2009, the USDA reported that ‘‘Many details of public road
crashes involving agricultural machinery and motor vehicles are
unknown or lack sufficient detail to aid prevention efforts” (CASHRE,
2009). Over a decade ago, this statement remains relevant despite
growth in the area of research of AgFF crashes (Bunn et al., 2008;
Costello et al., 2003; Costello et al., 2009; Gerberich et al., 1996;
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Gkritza et al., 2010; Glascock et al., 1995; Harland et al., 2014;
Karimi & Faghri, 2021; Lacy et al., 2003; Luginbuhl et al., 2003;
Mehlhorn et al., 2015; Peek-Asa et al., 2007; Ramirez et al., 2016;
Ranapurwala et al., 2016, 2019; Scott et al., 2020; Shipp et al.,
2019; Toussaint et al., 2017). Research gaps are difficult to address
partially because current occupational surveillance systems are not
fully capturing AgFF crashes and injuries (Leigh et al., 2014).

In the past, NIOSH and other agencies sponsored national agri-
cultural injury surveys to help supplement more traditional
surveillance systems such as the Survey of Occupational Injuries
and Illness (SOII; BLS, 2019b). However, NIOSH stopped supporting
these activities as of 2015 (NIOSH, 2020b). In 2012, an independent
panel reviewed the NIOSH AgFF program and recommended
actions to improve surveillance (NIOSH, 2012). Subsequently, the
RAND Corporation assessed the recommendations and released
their findings in 2017, which included listing the need to ‘‘Identify
and evaluate the potential of existing data sources for illness and
injury surveillance of agricultural workers” (Chari et al., 2017).
The National Academies of Science, Engineering, and Medicine
(2018) released a related report with a recommendation focused
on the creation of a ‘‘. . .coordinated system for surveillance of both
fatal and nonfatal occupational disease using multiple data
sources” (NAS, 2018). The primary goal of the present study was
to address research and surveillance gaps in AgFF by evaluating
how crash records can be used to capture events occurring on pub-
lic roadways that involve farm vehicles and equipment or logging
trucks in the southwest region.
2. Methods

The primary data sources for this assessment were: (1) state-
based crash records for Arkansas, Louisiana, New Mexico, Okla-
homa, and Texas and (2) fatal crash records from the National
Highway Traffic Safety Administration‘s (NHTSA) Fatality Analysis
Reporting System (FARS) (NHTSA, 2022). Core analytical methods
include traditional descriptive and inferential statistics followed
by natural language processing, a machine learning approach, to
assess the utility of the crash narrative in identifying and under-
standing AgFF crashes.
2.1. Primary data sources

For this study, we obtained a complete census of crash records
for the southwest region. Each of these states maintain crash
records as recorded by law enforcement officers and use electronic
systems to collect and house these data. Although, some states
may still allow limited paper-submission of reports, especially in
rural areas or small jurisdictions with limited resources. In general,
the states lag one to two years in releasing their annual crash
records. Some of these states readily release public files, while
others require data use agreements even for deidentified records.
Across the United States, some states will release files with identi-
fiers for research purposes given appropriate data use agreements
and other stipulations (e.g., receipt of institutional review board
approval).

There is no standardized system that each state uses to record
their crash data, although it is common for states to store data ele-
ments or variables within files labeled as crash (e.g., crash config-
uration, weather and surface conditions, posted speed limits), the
vehicle or unit involved (e.g., vehicle body style, vehicle age, crash
contributing factors), and the person involved including the driver
(e.g., sex, age, restraint use), vehicle occupants and others (e.g.,
pedestrians, bicyclists), at a minimum. Crash contributing factors
are key for identifying behavior-based countermeasures. Examples
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of contributing factors include impairment by alcohol or drugs,
speeding behaviors, distraction, and fatigue.

Once data are collected, states usually perform quality control
checks and may recode data to improve its accuracy. In Texas, for
example, each report is manually reviewed for completeness and
additional interpreted data fields are added based on the reported
information. Examples of interpreted fields include manner of col-
lision and first harmful event. In addition, the Texas Department of
Transportation assigns roadway characteristics based on the
entered crash location (i.e., latitude and longitude) using their
roadway inventory data. This also allows for various geospatial
information system (GIS) tools to be used during analysis along
with the inclusion of engineering-based variables into the crash
report that are not readily knowable by law enforcement on the
scene of the crash. These roadway characteristics can influence dri-
ver behavior and safety (e.g., number of lanes, if and how lanes
going opposite directions are divided, roadway and/or shoulder
width, intersection relationship, traffic control type). Roadway
characteristics are common factors examined during engineering-
based safety assessments. In addition to the structured data ele-
ments, the state crash reports include a free-text narrative field
where law enforcement can record additional details regarding
the crash and its causation. There also is a location for the entry
of a crash diagram. Although both the narrative and the diagram
offer qualitative details that can provide rich details about the
crash and its outcomes, they are not readily coded or analyzable
beyond manual assessment by a human.

States update their crash report or reporting system, but this
does not occur at regular or necessarily predictable intervals. Major
changes to the crash report, beyond minor modifications to the
business rules or the addition of a category to a variable (e.g., finer
distinction of the form of cell phone use such as talking hands-free
or texting to a driver distraction variable) can be very expensive
and may also require training law enforcement.

In addition to maintaining their own crash data systems, states
submit their data on a regular basis to the Fatality Analysis Report-
ing System (FARS). FARS is a national surveillance system that orig-
inated in 1975 with the most recently available public data
typically lagging one to two years behind the current year. It covers
all 50 states, the District of Columbia and Puerto Rico. FARS
includes all crashes involving a motor vehicle traveling on a public
trafficway that results in a death of a vehicle occupant or non-
occupant within 30 days of the crash (NHTSA, 2022). The National
Center for Statistics and Analysis (NCSA), under the National High-
way Traffic Safety Administration (NHTSA), maintains FARS.

Approximately 140 data elements are collected by FARS. The
requested data elements are standardized with the coding rubric
published annually along with any updates or changes in the cod-
ing or definitions. Overall, the data elements are similar or the
same as the information collected by each state, although it may
be formatted differently (e.g., larger number of more specific cate-
gories). Like state-based records, FARS organizes files and variables
at the crash, vehicle, and person level as well as additional files
with more detailed information on subtopics (e.g., obstruction of
driver vision, in-depth data on distraction).

States populate FARS fields through abstracting data from vari-
ous sources including police state crash reports, death certificates,
state vehicle registration files, coroner/medical examiner reports,
state driver licensing files, state highway department data, emer-
gency medical service reports, vital statistics, and other state
records. The use of multiple data sources improves data quality
and completeness compared to using state crash records alone.
Other strengths of FARS are that detailed information is available
at the national level, and the records are deidentified with public
use promoted. Consequently, these data are readily accessible via
the NHTSA query system or through their file transfer protocol.
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All coding manuals are updated annually and posted to the
website.

2.2. Statistical analysis

The structured data fields in the crash report formed the basis of
traditional crash severity models (Lord et al., 2021). Crash severity
models help to identify factors associated with higher severity ver-
sus lower severity crashes. The current project involved using mul-
tiple logistic regression and multinomial logistic regression to
identify driver, vehicle, and crash variables associated with higher
severity crashes in logging truck crashes. The intent is to identify
factors to prioritize for countermeasure application or other forms
of intervention. These analyses are published elsewhere and ongo-
ing (Shipp et al., 2019; Vasudeo, 2022). States often provide the
crash location in terms of the geospatial coordinates (i.e., latitude,
longitude). These data are used to identify where crashes concen-
trate along the roadway system and to establish potential relation-
ships between concentrated AgFF activity and crashes using GIS
approaches.

2.3. Analysis of free text narratives

In this study we evaluated data mining methods, specifically
natural language processing (NLP), for identifying AgFF crashes.
The analysis included developing a well curated keyword list com-
paring different data representations (e.g., bag of words [BoW], bag
of keywords [BoK]) and document classification algorithms (e.g.,
support vector machines [SVM], and multinomial naïve Bayes clas-
sifier [MNB]). We present these methods in detail elsewhere (Kim
et al., 2021). Briefly, for training and testing the models, we devel-
oped a large gold standard dataset based on manual narrative
review of the crashes involving farm equipment/vehicles or log-
ging trucks. Algorithmic performance was assessed to determine
how well the models trained using the gold standard from earlier
periods predicted later periods of data.
3. Results

3.1. Structured data fields

Table 1 displays the data fields used to identify AgFF crashes.
There was some variation with respect to the exact variable defini-
tion and coding. Although used in agriculture, all-terrain vehicles
(ATVs) were not included in the study definitions since ATVs as a
vehicle could not be isolated in the structured data for the south-
west region.

States release a data dictionary with the variable names and
coding schemes. In addition, states typically release manuals used
to train law enforcement officers in the completion of crash report
forms. These manuals provide additional information useful for
understanding nuances in how each state identifies relevant vehi-
cles and equipment. The reportable crash definition also varies by
state as shown in Table 1. Table 2 provides a count of records iden-
tified as AgFF from the initial project period. Although the propor-
tion of total crashes that involve farm vehicles/equipment or
logging trucks is low, the raw number of crashes remains notable
in the southwest region.

States use the KABCO scale to rate the injury severity of each
crash. The KABCO scale includes five categories: fatal (K), sus-
pected serious injury (A), suspected minor injury (B), possible
injury (C), and property damage only (O). Each category is
described further in Table 3 (NHTSA, 2017). The law enforcement
officer records the injury severity for all individuals involved in
the crash, including pedestrians and bicyclists. Then, the overall



Table 1
Variables used to identify AgFF crashes in Arkansas, Louisiana, New Mexico, Oklahoma, and Texas.

State Reportable Crash Criteria Farm Vehicles/Equipment Logging Trucks ATVs

Arkansasa $1,000 in property damage, injury or death Vehicle Type = 21 (farm equipment
other than trucks)

Cargo Body Type = 7 (log-since 2015) Vehicle Type = 33
(ATV)

Louisianab $500 in property damage, injury or death Vehicle Configuration = T (farm
equipment)

Cargo Body Type = H (log truck /
trailer)

Not applicable

New
Mexicoc

$500 in property damage, injury or death Vehicle Use 1 = FV (farm vehicle /
equipment)

Vehicle Cargo Body = LT (log truck) Not applicable

Oklahomad $500 in property damage, injury or death Vehicle Configuration = 18 (farm
machinery) Towed Vehicle Type = 3
(farm trailer)

Cargo Body Type = 13 (log trailer) Vehicle
Configuration = 19

Texase $1,000 in property damage, injury or death Vehicle Body Style = 101 / FE (farm
equipment)

Cargo Body Style = 14 (log trailer) Not applicable

FARSf Death occurs within 720 hours of a motor
vehicle traffic crash and is a direct result of the
crash

Vehicle Body Type = 92 (farm equipment
other than trucks)

vehicle with cargo_bt = 10 (log-since
2007) vin_body_type = LG (truck
logger)

Vehicle Body
Type = 90 (ATV)

a Arkansas State Police (ASP) (2015).
b (LADPSC/LHSC, 2019).
c Trailer Type 1 may also be relevant in subsequent years (NMDOT, 2021).
d (OkDPS, 2019).
e (TxDOT, 2018).
f FARS: Fatality Analysis Reporting System (NHTSA, 2022).
g Updates to each state’s data systems may cause these to change from 2020 forward.

Table 2
Frequency of farm vehicle/equipment and logging truck crashes in the southwest region during the initial project phase.

State Years Structured Data Fields Farm Equipment / Vehicle Crashes Logging Truck Crashes Total Records Narratives

Arkansasa 2010–2015 285 94 366,490 8,834
Louisianab 2010–2018 1,437 1,428 2,225,102 1,005,959
New Mexico 2008–2018 347 117 482,680 Not applicable
Oklahoma 2010–2018 656 144 634,831 Not applicable
Texasc 2010–2020 3,152 1,115 5,314,983 9,974

a Logging truck crashes only available from 2015 forward for Arkansas.
b Total records cover 2005–2018.
c Texas narratives were sampled from 2010-2018.
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crash severity is coded as the highest injury severity recorded
across all involved individuals. For example, if one person was
fatality injured, but the other three occupants sustained suspected
serious injuries, the crash severity would be coded as fatal. The
injury and crash severity assessment is limited to the law enforce-
ment officer’s observation at the scene unless the person suffered a
fatal injury. Fatalities occurring up to 30 days post-crash are
captured.

The remaining structured data elements are not all categorized
or coded the same for the five states in the southwest region. To
create a regional surveillance system, key variables required har-
monization. The Model MinimumUniform Crash Criteria (MMUCC)
formed the basis of data element harmonization. The National
Highway Traffic Safety Administration (NHTSA) in collaboration
with the Governors Highway Safety Association (GHSA), developed
the MMUCC to encourage states to adopt a minimum set of crash
data elements and attributes. The MMUCC originated in 1998
and is currently in its 5th edition (NHTSA, 2017).

Table 4 includes general variables used to describe crashes in
the southwest region and in the analysis to identify variables asso-
ciated with higher severity crashes.
3.2. Crash narratives

Our assessment of the utility of crash narratives to inform
surveillance in AgFF yielded three key findings. First, the narratives
from Texas and Louisiana, overall, provided a sufficient amount of
text in individual narratives to support training viable machine
learning models. Second, narratives describing crashes involving
logging trucks did not contain enough text, even individual words,
24
to support a similar analysis. In many cases, the narrative was
blank or included only a sentence or two with little to no meaning-
ful information (e.g., vehicle 1 and vehicle 2 crashed). This was
unlike the average amount of text in narratives overall for the farm
vehicle/equipment crashes. Third, crashes can involve farm equip-
ment or vehicles that were not involved in AgFF activities at the
time of the crash. The most prevalent example was using tractors
with cutters to mow roadway medians or shoulders. Complex
machine learning algorithms are not required to identify these
events. Simple key word searches can be used to identify these
crashes while reducing the manpower needed to review narratives
(Trueblood et al., 2019).

In addition, we assessed the availability of crash narratives. Cur-
rently, not all states store their crash narratives as searchable elec-
tronic free text. Rather, the narratives may be stored as an image or
PDF (e.g., Texas). To address these issues, we developed a process
for scraping the text from the PDF and storing the data as free text
in spreadsheets. Then the narratives went through a manual de-
identification process. Since the review required considerable per-
sonnel time, we reviewed all the farm vehicle and equipment, and
logging truck narratives from Texas and only a sample of other
types of crashes rather than a complete census.
4. Discussion

Overall, we found that crash records can help to fill research and
surveillance gaps in AgFF in the southwest region. A major strength
of crash records is that they are not protected health information.
Consequently, they can be easier to access even when the records



Table 3
Definition of injury severitya used in transportation safety.

Code Definition Examples

Fatal injury ‘‘A fatal injury is any injury that
results in death within 30 days after
the motorvehicle crash in which the
injury occurred.”

A Suspected serious injury
(formerly
incapacitating)

‘‘Severe laceration resulting in
exposure of underlying
tissues/muscle/organs or resulting in
significant loss of blood; broken or
distorted extremity (arm or leg);
crush injuries; suspected skull, chest
or abdominal injury other than
bruises or minor lacerations;
significant burns (second and third
degree burns over 10% or more of the
body); unconsciousness when taken
from the crash scene; paralysis

B Suspected minor injury
(formerly non-
incapacitating)

‘‘. . .lump on the head, abrasions,
bruises, minor lacerations (cuts on
the skin surface with minimal
bleeding and no exposure of deeper
tissue/muscle)”

C Possible injury ‘‘. . .momentary loss of consciousness,
claim of injury, limping, or complaint
of pain or nausea. Possible injuries
are those that are reported by the
person or are indicated by his/her
behavior, but no wounds or injuries
are readily evident’

O Property damage only ‘‘A crash that results in damage to the
motor vehicle or other property, but
without injury to any occupants or
non-motorists/”

Not applicable Unknown severity
Not applicable

a MMUCC 5th Edition (NHTSA, 2017).

Table 4
Common data elements used to describe crashes in transportation safety.

Data element or Variable MMUCC Data
Category

Crash severity Crash
Date Crash
Time Crash
Day of week Crash
Location (GIS coordinates) Crash
First harmful event Crash
Manner of crash / collision impact Crash
Weather conditions Crash
Lighting conditions Crash
Roadway surface condition Crash
Type of intersection Crash
Number of motor vehicles involved (Single versus

multi-vehicle involvement)
Crash

Number of non-motorists Crash
Roadway curvature Roadway
Roadway functional class Roadway
Annual average daily traffic Roadway
Width of lanes, shoulders, medians Roadway
Roadway lighting Roadway
Pavement markings Roadway
Vehicle body type Vehicle/Unit
Motor Vehicle Posted/Statutory Speed Limit Vehicle/Unit
Trafficway description Vehicle/Unit
Direction of travel Vehicle/Unit
Total lanes in roadway Vehicle/Unit
Roadway alignment and grade Vehicle/Unit
Traffic control device type Vehicle/Unit
Motor vehicle maneuver/action Vehicle/Unit
Vehicle damage Vehicle/Unit
Most harmful event for this vehicle Vehicle/Unit
Contributing circumstances (i.e., factors)b Vehicle/Unit
Sequence of events Vehicle/Unit
Vehicle configuration Large Vehicle/

Hazardous Material
Cargo body type Large Vehicle/

Hazardous Material
Motor vehicle automation Dynamic
Age (calculated from date of birth) Person
Sex Person
Person type Person
Injury status Person
Seating position Person
Restraint system/motorcycle helmet use Person
Ejection Person
Speeding-related Person
Distraction / distracted by Person
Law enforcement suspects alcohol/drugs Person
Alcohol or drug test result Person
Driver actions at time of crash Person
Driver license status/restrictions Person

aMMUCC 5th Edition (NHTSA, 2017).
b States also record driver states (e.g., impairment due to alcohol/drugs or fatigue,
distraction, ‘‘road rage”) as contributing factors.
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contain personally identifiable information. This is a strength in
terms of timely monitoring of health-related events.

Traditional occupational surveillance systems do not fully cap-
ture nonfatal injuries or the impact of AgFF crashes on the trans-
portation system or other roadway users. Studies suggest that
national surveillance systems may be missing over 75% of nonfatal
occupational injuries and illnesses in agriculture due to small farm
reporting exemptions along with other issues including not taking
time off work even when injured or ill (BLS, 2019b; Leigh et al.,
2014; Scott et al., 2020). During a limited comparison of Texas
crash records from 2016 to 2020 to the BLS Survey of Occupational
Injury and Illnesses, no injuries were reported in standard BLS pro-
files, possibly due to so few cases being captured (BLS, 2023). In
contrast, there were 48 AgFF individuals and 81 non-AgFF individ-
uals who sustained a suspected serious injury due to a crash with a
farm vehicle or logging truck. The number of individuals with a
suspected minor injury or possible injury included 203 AgFF and
623 non-AgFF individuals, respectively (TxDOT, 2023). Crash
records and other non-traditional AgFF data sources such as AgIn-
juryNews, can shed light on these broader impacts since they col-
lect information on all of those injured in a crash (Weichelt et al.,
2023).

Crashes also negatively impact AgFF individuals even when
there is only property damage. This ‘‘minor” event can still be very
costly. The average estimated cost of a crash even when no injury is
observed in 2020 was $12,800. This estimate considered ‘‘. . .wage
and productivity losses, medical expenses, administrative
expenses, motor-vehicle damage, and employers’ insurance costs.”
(NSC, 2022). In Texas in 2020, there were 320 property damage
only AgFF vehicle-involved crashes (TxDOT, 2023). Even with no
resulting injuries, the estimated costs of these events was
$4,096,000.
25
Collaborating with state Traffic Record Coordinating Commit-
tees (TRCC) is one mechanism for accelerating the use of crash
records for AgFF surveillance. We base this observation on our
experience engaging with the Texas TRCC (Texas TRCC, 2022).
TRCCs are state-based partnerships comprised of representatives
from state agencies with a goal of improving states’ traffic records
systems. The core traffic records databases include crash, citation,
motor-vehicle registration, driver licensing, injury surveillance,
and roadway. NHTSA encourages assessing data quality of these
databases using a framework comprised of six areas: timeliness,
accuracy, completeness, uniformity, integration, and accessibility
(NHTSA, 2018). Although the majority of states are not integrating
all of these databases yet, there are states linking one or more data
sources to crash records. From 1992 to 2013, NHTSA assisted states
in linking crash records to other data sources, namely medical
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records through the Crash Outcome Data Evaluation System
(CODES) (Cook et al., 2015). Not all states participated in CODES
and some states continued to support CODES after NHTSA support
ended. Crash records linked with trauma registry data are benefi-
cial for AgFF surveillance since these data can be used to identify
specific injury diagnoses and severity resulting from specific types
of crashes and circumstances (Curry et al., 2021; Conderino et al.,
2017; NAS, 2021).

Staff from this research project became involved with the Texas
TRCC and found that collaborating with TRCCs is one mechanism
researchers can use to improve data quality. For example, findings
from AgFF surveillance projects could engage crash records and
law enforcement stakeholders to improve crash reporting through
developing quick reference materials or ‘‘tip cards” for law enforce-
ment officers. We also found that involvement with the TRCC sup-
ports educating data providers on the ways their data may be used
to improve health and safety beyond their primary purpose.
Finally, we found that building a relationship with the TRCC can
also help with remaining current on large database or system
updates that could impact the availability of data or its coding,
and subsequently the identification of crashes involving AgFF road
users, as well as other vulnerable road users.

With respect to narrative texts, their use to inform injury
surveillance is not a new approach (Bunn et al., 2008; McKenzie
et al., 2010). However, the use of machine learning is an innovation
afforded by technological advances in data storage, management,
and computing. Consequently, developing machine learning meth-
ods to analyze crash narratives is an area experiencing rapid
growth (Das et al., 2020; Fitzpatrick et al., 2017; Kitali et al.,
2021; Vallmuur, 2015; Zhang et al., 2020). Little of this research
has specifically focused on AgFF crashes. However, its use in occu-
pational health surveillance is growing. Hirabayashi and colleagues
(2020) used machine learning to analyze pre-hospital care reports
to support occupational surveillance. In addition, NIOSH’s Industry
and Occupation Computerized Coding System is based on machine
learning models to code occupation and industry in mortality files
(NIOSH, n.d.).

4.1. Limitations

Although crash records can help to fill surveillance gaps in AgFF
in the southwest region, their use for this purpose has limitations.
For example, crash records exclude events occurring off the public
roadways such as motor-vehicle related injuries in fields, pastures,
and private roads. This is a concern because transportation inci-
dents off public roadways are also prevalent in AgFF (BLS,
2019a). Similarly, ATVs are commonly used in AgFF and contribute
to fatalities in this sector (Helmkamp et al., 2011; Weichelt et al.,
2020). However, not every state has a pre-coded category for ATVs.
This limitation could be addressed by encouraging states to include
a pre-coded category when updating their crash forms. With
respect to occupational research, most states do not have fields
on their crash reports indicating that the roadway user was ‘‘at
work” when the crash occurred. To resolve this issue, the occupa-
tional nature of the crash is inferred from variables describing
vehicle type, trailer type, or the use of these vehicles. An exception
is FARS data that contain an ‘‘at work” field, but it is often missing
for records in the southwest region.

An additional limitation is that law enforcement officers are
essentially the ‘‘data collectors.” However, it is not feasible for
researchers and public health professionals to individually train
them as they can train research staff for prospective studies. Fur-
thermore, law enforcement officers may not be trained uniformly
from state to state or even within the same state. This may be a
greater issue in large states such as Texas, where the distance
between jurisdictions can be hundreds of miles. Law enforcement
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officers also may not complete crash reports as accurately and
completely as possible because they are not aware of the different
uses of these data. Findings from a study of the collection and
reporting of commercial motor-vehicle crash data in Texas indi-
cated that law enforcement officers may not fully realize the extent
to which crash data are used to allocate transportation safety
resources including the identification and implementation of coun-
termeasures (Trueblood & Shipp, 2019). Research also illustrates
that the law enforcement officer’s assessment of severity, using
the KABCO scale, may not correlate strongly with the injury sever-
ity score as assessed by trauma clinicians with agreement weaken-
ing as the severity of the crash lessens (Shipp et al., 2015). Re-
classifying injury severity into broader categories such as fatal,
injury, and no injury categories or higher versus lower injury
severity categories can help to minimize the negative impact of
this issue (Farmer et al., 2003).

Finally in our study, although narratives were useful for identi-
fying farm vehicle and equipment crashes, this was not true for
logging truck crashes in the southwest region. Narrative data for
logging truck crashes was often sparse or missing altogether. Rea-
sons for the lack of narrative data describing logging truck crashes
are not well understood. Researchers currently are assessing this
issue by engaging key stakeholders including law enforcement offi-
cers. Given the relatively low frequency of farm vehicle/equipment
and logging truck crashes versus other types of crashes in the
southwest region, it is feasible to manually review the crash narra-
tives to validate the classification of crashes as AgFF. However, not
all states share crash narratives even with strict data use agree-
ments in place. Therefore, validating the structured data with the
crash narratives may not always be feasible. In the present study,
it was not possible to verify the crashes coded as farm vehicle/
equipment or logging truck related in Oklahoma or New Mexico.
Consequently, cases may be over-counted if the structured data
coded a crash as AgFF, but an AgFF road user was not involved
(e.g., tractor driver/maintenance worker was just mowing grass
on a median). Conversely, crashes may be undercounted if struc-
tured data fields were not coded correctly. In this case, machine
learning models or even simple two-step key word searches, based
on consideration of inclusion and exclusion keyword lists, can help
to reduce this potential bias (Trueblood et al., 2019; Kim et al.,
2021).

4.2. Practical Applications

Despite limitations, crash records are a viable source of key
information, specifically for nonfatal crashes in the southwest
region. Crashes involving farm vehicles and equipment can be iso-
lated, temporal trends in their frequency established, and potential
causal or contributing factors identified so that countermeasures
can be identified and implemented. Analyses focused on logging
truck crashes in Louisiana demonstrated this approach (Shipp
et al., 2019; Vasudeo, 2022). Crash records support the key func-
tions of worker health surveillance (NIOSH, 2021).

Areas in need of additional research include linking crash
records with other data sources for the southwest region. Data
sources of primary interest for the southwest include injury
surveillance databases and law enforcement citation records. The
former would help to characterize the types of injuries that result
from AgFF crashes and their clinically assessed severity. The latter
would enable characterization of high-risk driving behaviors
among those using AgFF vehicles as well as other types of drivers.
There is also a need to develop gold standard denominators for
computing crash and injury rates in AgFF. In traffic safety, vehicle
miles travelled (VMT) is the most widely used measure of exposure
to crash and injury risk. However, VMT estimates specific to AgFF
do not exist. Currently, rates would need to be based on the esti-
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mated size of the population of interest, the general population,
vehicle miles travelled by the general population or truck fleet,
or the amount of a commodity harvested such as logging truck
crashes per units of wood harvested (Greene et al., 2007; Cole
et al., 2018). Finally, gold standard keyword datasets are needed
to support machine learning methods for the analysis of crash nar-
ratives that can be more openly shared across researchers.

From a historical traffic safety perspective, the ‘‘Four E”
approach was a guiding force in crash and injury prevention
(FHWA, 2011). The four E’s stand for engineering, emergency
response, education, and enforcement. Countermeasures were
identified and implemented within these constructs. Despite a
commitment to this framework, the United States continued, over
the last decade, to experience increases in the number and rate of
traffic fatalities. For example, from 2011 to 2021, the number
increased from 32,479 to 42,915 fatalities per year. The rate per
vehicle miles travelled increased overall from 1.10 fatalities per
100 million VMT in 2011 to 1.33 fatalities per 100 million VMT
in 2021. For NHTSA Region 6 (i.e., Louisiana, Oklahoma, Missis-
sippi, New Mexico, and Texas), nearly the same states as our study
population, the fatality rate increased 16% from 2020 to 2021 alone
(NCSA, 2022). Data from our project suggest an overrepresentation
of fatal and serious crashes in AgFF. In Texas from 2011 to 2021,
the proportion of farm equipment and logging truck crashes that
were fatal or suspected serious injury increased from 6% to 10%.
This proportion for 2022 is on track to surpass 2021. In compar-
ison, for non-AgFF crashes in Texas, the proportion of crashes that
were fatal or suspected serious injury was stable at 4% in 2012 and
2021 (TxDOT, 2022).

In response to continued high fatality rates in the United States,
Secretary of Transportation Buttigieg, announced in January of
2022, the adoption of a long term, national goal of zero roadway
fatalities and suspected serious injuries. This goal was outlined in
the National Roadway Safety Strategy (USDOT, 2022). In pursuit
of a goal of zero roadway fatalities, traffic safety researchers and
practitioners in the United States adopted a Safe System Approach
(SSA) to traffic safety. SSA promotes five key areas: safe road users,
safe vehicles, safe speeds, safe roads, and post-crash care. In line
with the new national goal, SSA emphasizes that deaths and seri-
ous injuries are unacceptable, humans make mistakes and are vul-
nerable, responsibility for safety is shared, safety is proactive, and
redundancy is crucial (FHWA, n.d.). The Safe System approach
acknowledges inequities in transportation safety and crash out-
comes. Safe System roadway design acknowledges that humans
and their behavior are imperfect. For example, lower speeds are
posted in areas where motor vehicles and pedestrians are more
likely to encounter one another. Speed is known to increase injury
severity (Doecke et al., 2020). Reducing it can reduce injury sever-
ity. Even if a crash still occurs, a fatality or suspected serious injury
may be prevented. From a rural perspective, improving post-crash
care response time is high priority given the potential impact of
prehospital time, specifically the time it takes for EMS to reach
injured roadway users, on injury outcomes and survival
(Adeyemi et al., 2022).

The Safe System approach is a holistic framework, which aligns
well with the NIOSH Total Worker Health (TWH) approach (NIOSH,
2015). TWH emphasizes a hazard-free work environment, much
like the Safe System approach seeks to minimize hazards in the
traffic environment. TWH further recognizes that work factors
impact not only workers, but their families and communities,
and focuses on the design of work to improve acute health and
safety issues, including mental health, much like the extended
impact of AgFF crashes on the transportation system and broader
community. These two approaches are not only similar in their
respective realms, but they are also complimentary where those
realms overlap in AgFF related transportation safety.
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Vehicle related injury among AgFF workers is a complex issue
with many potential stakeholders who could influence progress
in the development of robust surveillance systems, and in reducing
crashes and their severity. Cross-disciplinary collaboration that
brings traffic safety and AgFF researchers and practitioners
together is needed to accelerate progress in construction of injury
surveillance systems. In the longer term, a cross-disciplinary
approach can also help to overcome barriers to the rapid identifica-
tion and deployment of countermeasures that benefit all roadway
users, especially the high-risk AgFF workforce in rural areas with
high agricultural and logging activity.
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