
Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=gcpi20

Traffic Injury Prevention

ISSN: 1538-9588 (Print) 1538-957X (Online) Journal homepage: https://www.tandfonline.com/loi/gcpi20

A semi-automated tool for identifying agricultural
roadway crashes in crash narratives

Amber Brooke Trueblood, Ashesh Pant, Jisung Kim, Hye-Chung Kum,
Marcelina Perez, Subasish Das & Eva Monique Shipp

To cite this article: Amber Brooke Trueblood, Ashesh Pant, Jisung Kim, Hye-Chung Kum,
Marcelina Perez, Subasish Das & Eva Monique Shipp (2019): A semi-automated tool for identifying
agricultural roadway crashes in crash narratives, Traffic Injury Prevention

To link to this article:  https://doi.org/10.1080/15389588.2019.1599873

View supplementary material 

Published online: 10 May 2019.

Submit your article to this journal 

View Crossmark data

https://www.tandfonline.com/action/journalInformation?journalCode=gcpi20
https://www.tandfonline.com/loi/gcpi20
https://doi.org/10.1080/15389588.2019.1599873
https://www.tandfonline.com/doi/suppl/10.1080/15389588.2019.1599873
https://www.tandfonline.com/doi/suppl/10.1080/15389588.2019.1599873
https://www.tandfonline.com/action/authorSubmission?journalCode=gcpi20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=gcpi20&show=instructions
http://crossmark.crossref.org/dialog/?doi=10.1080/15389588.2019.1599873&domain=pdf&date_stamp=2019-05-10
http://crossmark.crossref.org/dialog/?doi=10.1080/15389588.2019.1599873&domain=pdf&date_stamp=2019-05-10


A semi-automated tool for identifying agricultural roadway crashes in
crash narratives

Amber Brooke Trueblooda , Ashesh Panta, Jisung Kimb, Hye-Chung Kumc , Marcelina Pereza, Subasish Dasd

, and Eva Monique Shippa

aCenter for Transportation Safety, Texas A&M Transportation Institute, College Station, Texas; bTransportation Planning, Texas A&M
Transportation Institute, College Station, Texas; cDepartment of Health Policy & Management, Texas A&M University, College Station, Texas;
dTraffic Operations & Roadway Safety Division, Texas A&M Transportation Institute, College Station, Texas

ABSTRACT
Objective: Crash reports contain precoded structured data fields and a crash narrative that can be
a source of rich information not included in the structured data. The narrative can be useful for
identifying vulnerable roadway users, such as agricultural workers. However, using the narratives
often requires manual reviews that are time consuming and costly. The objective of this research
was to develop a simple and relatively inexpensive, semi-automated tool for screening crash narra-
tives and expediting the process of identifying crashes with specific characteristics, such as agricul-
tural crashes.
Methods: Crash records for Louisiana from 2010 to 2015 were obtained from the Louisiana
Department of Transportation (LaDOTD). Records with narratives were extracted and stratified by
vehicle type. The majority of analyses focused on a vehicle type of farm equipment (Type T). Two
keyword lists, an inclusion list and an exclusion list, were created based on the published litera-
ture, subject-matter experts, and findings from a pilot project. Next, a semi-automated tool was
developed in Microsoft Excel to identify agricultural crashes. Lastly, the tool’s performance was
assessed using a gold standard set of agricultural narratives identified through manual review.
Results: The tool reduced the search space (e.g., number of narratives that need manual review)
for narratives requiring manual review from 6.7 to 59.4% depending on the research question.
Sensitivity was high, with 96.1% of agricultural crash narratives being correctly classified. Of the
gold standard agricultural narratives, 58.3% included an equipment keyword and 72.8% included
a farm equipment brand.
Conclusion: This article provides information on how crash narratives can supplement structured
crash data. It also provides an easy-to-implement method to facilitate incorporating narratives into
safety research along with keyword lists for identifying agricultural crashes.

ARTICLE HISTORY
Received 6 November 2018
Accepted 23 March 2019

KEYWORDS
Agriculture; injury; motor
vehicle crashes;
occupational health; text
mining; crash narratives

Introduction

In 2016, the Agriculture, Forestry, and Fishing, and Hunting
(AFF) sector accounted for 2,351,500 employees in the
United States (U.S. Department of Labor 2017b). This num-
ber may be an undercount since the U.S. Department of
Agriculture and the National Institute for Occupational
Safety and Health (NIOSH) estimates range from 1.4 to 3.2
million farmers alone (NIOSH 2018; U.S. Department of
Agriculture 2018). Although the AFF sector is not the largest
in the United States, it is one of the most hazardous in
regards to fatal and nonfatal work injuries (NIOSH 2018).
In 2015, the AFF sector had the third highest number of
fatal work injuries and the highest fatal work injury rate
(22.8 per 100,000 full-time equivalents; U.S. Department of
Labor 2017a). Roadway crashes make a notable contribution
to these events with a higher crash related fatal injury rate

than the other sectors (Green et al. 2011). From 2003 to
2008, the rate of occupational transportation fatal injuries in
the AFF sector was 5.59 per 100,000 employed workers
compared to 0.94 per 100,000 employed workers for all sec-
tors combined (Green et al. 2011).

Several studies utilized crash data to characterize farm
equipment crashes and identify associated factors (Costello
et al. 2009; Gkritza et al. 2010; Harland et al. 2014, 2018; see
Bibliography in Appendix, online supplement). Farm equip-
ment vehicles are used to transport farm products or sup-
plies to and from farming activities (e.g., harvesting) and
often are slow moving (e.g., tractors). Variables associated
with farm equipment crashes or their severity include non-
family hired drivers, younger drivers, passenger status,
injury history, impairment, lack of restraint use, vehicle age,
roadway geometry, and crash factors (e.g., rear end collision,
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single-vehicle crash, farm vehicle crossing centerline or
median, obstructed vision, rural area, dry road, lighting con-
ditions, speed limit) (Costello et al. 2009; Gkritza et al. 2010;
Harland et al. 2018).

Structured data fields contained within the crash report
are the basis of most traffic safety studies. The crash reports
are completed by law enforcement officers and are then sub-
mitted and housed by state departments of transportation.
The fields in the crash report and their precoded categories
vary by state. Most states do not have structured data fields
for detailed information on agricultural or other types of
occupational crashes or equipment (e.g., construction, mow-
ing). In addition, officers complete a free-text crash narra-
tive to supplement the information in structured crash data.
The crash narrative can serve as a rich source for helping to
identify crashes involving special equipment or populations,
establishing crash causation including the vehicle at fault,
and obtaining other information that could support injury
prevention efforts. Literature shows that analysis of crash
narratives typically relied on multiple reviewers to manually
code narratives (Iragavarapu et al. 2015; Pollack et al. 2013).
In addition, more advanced data mining methodologies and
predictive models have been applied to crash narratives (Das
et al. 2018; Fitzpatrick et al. 2017; Nayak et al. 2009). For
example, Fitzpatrick and colleagues (2017) utilized logistic
regression to determine whether crashes were speeding
related based on developed crash typologies. The researchers
then validated the results of the logistic regression through
manually reviewing a sample of crash narratives. Limited
studies utilize crash narratives to obtain information on farm
equipment crashes. Most recently, Gkritza et al. (2010) used
structured crash data, as well as narratives, to identify farm
vehicle crashes in Iowa for an analysis of injury severity and
crash characteristics. Text mining has also been conducted on
death certificates (e.g., cause of death, job classification) and
fatality surveillance systems (e.g., Kentucky Fatality and
Control Evaluation) to characterize farm tractor injuries, as
well as newspaper clippings to identify agricultural injury
fatalities (Bernhardt and Langley 1999; Bunn et al. 2008;
Goodman et al. 1985; Hayden et al. 1995). Most of these pub-
lications are more than 10 years old and only a few utilized
crash narratives. There is no literature that utilizes text min-
ing methodologies to identify agricultural crashes based
on narratives.

Although incorporating crash narratives into safety analy-
ses can be tremendously beneficial because they contain
additional information, a significant limitation to using nar-
ratives or open text fields is the time and human resources
required for manual review. This limitation can be mini-
mized through complex computer science methodologies or
other software tools. However, computer science methodolo-
gies often require advanced programming skills.

The objective of this article was to describe the develop-
ment of a simple semi-automated methodology to identify
agricultural crashes from crash report narratives that can be
widely used with little technical training, is relatively inex-
pensive, and can be applied to other fields. To our know-
ledge, this tool would be one of the first to meet this

objective. Our goal was to identify agricultural crashes
defined as crashes involving farm equipment vehicles used
for farming purposes (e.g., cotton picking), other equipment
used for farming purposes (e.g., bunchers), transportation of
farming goods and products (e.g., crops), or persons who
work in farming. A secondary goal was to develop a gold
standard data set that can be used to develop and validate
sophisticated machine learning methods. To this end, this
article describes an easy-to-use and adaptable semi-auto-
mated tool to identify agricultural crashes using narratives
from Louisiana.

Methods

Data collection

We obtained structured crash data and narratives for the
period from 2010 to 2015 from the Louisiana Department of
Transportation and Development (LaDOTD). This research
was approved by the Texas A&M Institutional Review Board
(study # 2016-0592D). The State of Louisiana defines farm
equipment as “a vehicle designed and used primarily as a
farm implement for drawing plows, moving machines, and
other implements of husbandry” (LaDOTD 2005, p. 29). In
the Uniform Motor Vehicle Traffic Crash Report, farm equip-
ment vehicles were designated as Type T, and crashes
involving Type T vehicles were designated as Type T crashes
(LaDOTD 2005). The definition used for Type T vehicles
did not meet our project’s definition (i.e., a crash involving
an agricultural worker, vehicle, or equipment), so we set out
to develop a semi-automated method to identify agricultural
crashes using information in the Type T narratives. We also
wanted to assess the prevalence of agricultural crashes mixed
into similar but different vehicle types, including (1) Type
D: Passenger car, light truck, van, or an SUV with a trailer;
(2) Type L: Single-unit truck with 2 axles; and (3) Type Z:
Other. These vehicle types were the most likely to also have
agricultural crashes present.

Methodology development

This article focuses on developing a semi-automated method
to identify agricultural crashes as well as assess the perform-
ance of the method compared to manual review (e.g., an
individual or team reviewing and classifying each record).
Semi-automated methods are a hybrid human–computer
process where the goal is to use automated tools to make
the manual review process more efficient and feasible rather
than replace them entirely. The next 2 sections describe the
2 steps taken to create the methodology, including the devel-
opment of (1) a gold standard data set and (2) keyword lists
and the Excel methodology.

Gold standard data set development
Type T (farm equipment) vehicles were reviewed first
because these were the most likely to include agricultural
vehicle types. There were a total of 573 crashes involving
Type T vehicles, but only 448 crashes contained narratives
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with at least 100 characters. All of the narratives were com-
bined into a single text file for easy processing in Excel. To
facilitate the development and evaluation of methods to flag
agricultural crashes, we conducted a rigorous manual review
to construct a gold standard data set. Two reviewers read
and classified all Type T (farm equipment) crash narratives
as either agricultural, nonagricultural, or ambiguous.
Ambiguous narratives were unclear and had no information
to conclusively determine whether they were agricultural or
not. For example, if a narrative simply stated that vehicle 1
and vehicle 2 were involved in a crash, it was marked as
ambiguous. Next, if a narrative mentioned a tractor without
a purpose or activity, during manual review the reviewers
classified it as ambiguous. The LaDOTD (2005) classifies
grass cutters and mowers as farm equipment, but these were
not classified as agricultural based on the project definition.
To understand how many grass cutters and mowers are
coded as Type T (farm equipment), there was an additional
flag as part of the manual review.

Next, Types D (passenger car, light truck, van, or an
SUV with a trailer), L (single-unit truck with 2 axles), and Z
(other) vehicles were reviewed because of a higher probabil-
ity of agricultural vehicles being included based on vehicle
body style. A sample of 750 crashes was taken for these add-
itional vehicle types to explore the prevalence of agricultural
crashes in these vehicle types. All of the narratives were
combined into a text file per vehicle type for easy processing
in Excel. Next, the same steps taken for Type T manual
review were applied to a stratified random sample of
approximately 250 crashes (100 narratives with inclusion
keywords, indicative of agricultural crashes, and 150 without
these keywords) for the 3 other vehicle types D, L, and Z.
The manual review resulted in a gold standard data set of
1,198 crashes (Table 1).

Keyword and methodology development
Two keyword lists were developed through a review of lit-
erature, discussions with subject-matter experts, and findings
from a student pilot project. The inclusion keyword list
included the following categories: Farmworkers (e.g.,
farmer), crops or farm animals (e.g., cotton), farm equip-
ment (e.g., planter), farm equipment brands (e.g., John
Deere), and other farm-related vocabulary (e.g., “farm”; see
Table A1, online supplement). The exclusion keyword list
was developed which included nonagricultural terms, includ-
ing construction and mowing terms (see Table A2,
online supplement).

Next, the keyword lists were used to develop an Excel-
based algorithm. The steps undertaken in Excel to analyze
and flag the narratives are as follows (in-depth methodology
and the Excel tool can be found at: http://groups.tti.tamu.
edu/cts/files/2018/10/Type-T-Excel-Methodology_Final.pdf):

1. An Excel workbook was created and a worksheet was
added with the narratives, supplemental text if provided,
and crash identifiers.

2. The inclusion and exclusion keywords were added to a
second worksheet in the Excel workbook. The keywords
were formatted by adding a space before and after the
keyword to ensure that the algorithm matched on full
words only (exact match). For example, if there is a
keyword “rig,” the algorithm should only flag the narra-
tive if a word “rig” exists. The algorithm should not flag
the narrative if it contains the word “brigade,” because
the second, third, and fourth letters from “brigade”
form the substring “rig.

3. The narratives were then formatted to remove punctu-
ation and alphanumeric characters (e.g., commas, semi-
colons, hyphens, periods). In addition, a blank space
was added at the start and end of each narrative to
allow a keyword to be flagged if it was the first or last
word in the narrative.

4. A SEARCH function was then applied to each column
to check whether any inclusion or exclusion terms from
a keyword group were present in the narrative. The
SEARCH function was applied separately. The SEARCH
function returned a “1” in separate columns if the nar-
rative in that row contained any inclusion or exclusion
keywords; otherwise, it was marked with “0.” It is
important to note that the SEARCH function ignores
capitalization.

5. Narratives were then classified as ambiguous if both an
inclusion and exclusion keyword were present.

Analysis

Lastly, to assess performance of the Excel tool, standard epi-
demiologic measures (e.g., sensitivity, also known as recall
in computer science, specificity, false positives, false nega-
tives, positive predictive value, and negative predictive value)
of how well a tool or test classifies a characteristic or condi-
tion and standard measures of tool performance in com-
puter science (e.g., reduction of search space or the number
of narratives that need manual review and sensitivity) were
computed (Gordis 2014) for crashes involving Type T (farm
equipment) crashes. STATA 14 SE was utilized (StataCorp
LLC, College Station, TX). Because very few agricultural
crashes were identified through manual review in the other
vehicle types, the majority of the analysis in this article
focuses on crashes involving Type T (farm equip-
ment) vehicles.

For the calculation of the epidemiologic measures, only
Type T narratives that were found to be unambiguous by
the manual review were included (n¼ 253). In addition,
crashes classified as ambiguous by the tool were included

Table 1. Gold standard data set by manual review classification and vehicle
body style.

Type D Type L
Type T
(farm

equipment)

(passenger car, light
truck, van, or an
SUV with a trailer)

(single-unit
truck with
2 axles)

Type Z
(other)

Agricultural 103 13 3 1
Nonagricultural 150 129 81 59
Ambiguous 195 108 166 190
Total 448 250 250 250
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with the nonagricultural crashes because the exclusion key-
word list that was applied after the inclusion keyword list
indicated that these crashes were most likely nonagricultural.
Consequently, a crash narrative with both an inclusion and
an exclusion keyword would ultimately be classified as
nonagricultural.

Results

Of the 448 manually reviewed Type T narratives, 253
(56.5%) were deemed unambiguous based on the manual
review as shown in Table 2, which means these narratives
could be classified as either agricultural or nonagricultural.
The manual review determined 103 (40.7%) of these unam-
biguous narratives were classified as agricultural versus 150
(59.3%) that were classified as nonagricultural.

Based on the application of the semi-automated tool on
the 253 unambiguous gold standard crashes, sensitivity and
specificity were both high and false positives and false nega-
tives were low. For sensitivity, 96.1% (95% confidence inter-
val [CI], 90.4–98.9) of gold standard agricultural crashes
were correctly classified as agricultural by the semi-auto-
mated tool (n¼ 99). For specificity, 92.7% (95% CI,
87.3–96.3) of gold standard nonagricultural crashes were
correctly classified as nonagricultural (n¼ 139). The tool
misclassified 3.9% (95% CI, 1.1–9.62) of gold standard agri-
cultural crashes as nonagricultural (false negative; n¼ 4) and
7.3% (95% CI, 3.7–12.7) of gold standard nonagricultural
crashes were misclassified as agricultural (false positive;
n¼ 11). The positive predictive value was 90.0% (95% CI,
82.8–94.9), and the negative predictive value was 97.2%
(95% CI, 93.0–99.2). Of the 4 false negatives, one narrative
was correctly identified as agricultural with the inclusion
keyword list but still excluded after applying the exclusion
keyword list. The 3 remaining narratives that the algorithm
could not detect were all tractors traveling to a worksite that
did not match any of the other inclusion keywords. There
were 11 narratives flagged as agricultural, but manual review
found them to be nonagricultural. These included 2 parish

or county tractors, 2 grass cutters without a tractor specified,
1 grass cutter attached to a parish tractor, 2 tractors
involved with an electrical company or work, 3 tractors with
no purpose specified, and 1 recreational vehicle. These 11
narratives did not contain sufficient information and did
not use any exclusion list terms to be flagged by the exclu-
sion keyword list. For example, phrases such as “cutting the
grass” were not on the exclusion list. Ambiguous narratives
presented a challenge for classification by both the gold
standard manual review and the Excel tool. Although they
had at least 100 characters, the ambiguous narratives simply
had too few words to be identified as agricultural or nona-
gricultural by a human or a computer; there was not good
agreement in classification of ambiguous narratives. Only 30
(6.7%) of the crash narratives were classified by the tool as
ambiguous. The tool classified 1 agricultural crash and 27
nonagricultural crashes as ambiguous. Based on manual
review, 2 of the gold standard ambiguous crashes were also
classified by the tool as ambiguous. Sixty percent (n¼ 18) of
the 30 excluded crashes were identified as being a grass cut-
ter. There were 195 ambiguous crashes identified by manual
review. Of these, 42 (21.5%) were classified by the Excel tool
as agricultural, 151 (77.4%) as nonagricultural, and 2 (1.0%)
as ambiguous. The large number classified as nonagricultural
by the tool is because crash narratives without an inclusion
keyword default to this category.

To explore differences in character lengths, the means
and medians were calculated for ambiguous narratives and
agricultural and nonagricultural narratives (data not shown).
The mean character length was 1,223 characters for ambigu-
ous narratives and the average character length was 1,522
characters for agricultural and nonagricultural narratives. In
comparison, the median character length was 909 for
ambiguous narratives and 1,212 for agricultural and nona-
gricultural narratives.

The semi-automated tool significantly reduced the num-
ber of records that would need a manual review to a more
feasible size. The size of the search space (e.g., number of
narratives that need manual review) is dependent on the
research question and tolerance for accepting false positives
or false negatives as shown in Table 3. The proportion of
narratives for Type T (farm equipment) vehicles that needed
manual review ranged from 6.7 to 59.4% based on the
research question as shown in Table 3.

An additional analysis was conducted to identify the like-
lihood of agricultural crashes involving vehicle types that
were similar but different from Type T (farm equipment),
including Type D (passenger car, light truck, van, or an

Table 3. Search space reductions based on hypothetical research questions.

Type T
(farm equipment) Types D, L, and Z

(n¼ 448) (n¼ 750)

Hypothetical research question
Narratives that require

manual review
Percentage
of narratives

Narratives that require
manual review

Percentage
of narratives

Validate agricultural crashes 152 33.90 239 31.90
Examine ambiguous crashes 30 6.70 65 8.70
Review crashes identified as nonagricultural

to reduce false negatives
266 59.40 446 59.50

Table 2. Automated keyword tool and manual review results for Type T
(farm equipment).

Manual review

Agricultural Nonagricultural Ambiguous Total

Tool Agricultural 99 11 42 152
Nonagricultural 3 112 151 266
Ambiguous 1 27 2 30
Total 103 150 195 448
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SUV with a trailer), L (single-unit truck with 2 axles), and Z
(other). From 0.4 to 5.2% of the Type D (passenger car,
light truck, van, or an SUV with a trailer), L (single-unit
truck with 2 axles), and Z (other) sample narratives were
agricultural based on manual review (see Table 1). Type D
(passenger car, light truck, van, or an SUV with a trailer)
had the highest percentage of agricultural crashes at 5.2%
(n¼ 13; see Table 1). The search space to examine the likeli-
hood of agricultural crashes involving these vehicle types
was also reduced significantly from 8.7 to 59.5% as shown
in Table 3.

Of the 103 agricultural crashes identified in the gold
standard data set, 60 (58.3%) contained an equipment inclu-
sion keyword and 75 (72.8%) contained a farm equipment
brand inclusion keyword, indicating the importance of these
keyword categories in identifying agricultural crashes (see
Table 4).

Discussion

Although agricultural crashes are less common than other
crash types, they still impact the health and safety of work-
ers in the AFF sector, their families and coworkers, as well
as other roadway users. The lack of information makes it
difficult to develop appropriate countermeasures and pro-
grams (Gkritza et al. 2010). This article provides information
regarding how crash narratives can be used to identify spe-
cific types of roadway users and to quantify potential mis-
classification for analyses based solely on the type of vehicle.
For example, it can be difficult to confirm an agricultural
crash through vehicle type alone. Thus, identifying crashes
through crash narratives can help to improve crash identifi-
cation and characterization.

One of the main barriers to using narratives effectively in
a crash study is the manual review and coding of hundreds
to thousands of records. The findings presented in this art-
icle illustrate how a semi-automated method can screen nar-
ratives for specific characteristics. For example, the
algorithm correctly flagged 96.1% of narratives classified as
agricultural in the gold standard data set. Although the pro-
cess still required a manual review, the automated steps sub-
stantially narrowed the search space and the time needed for
manual review. An important lesson learned is that the
development of the applicable keyword list is an iterative
process done through literature review, discussions with
experts, and review of sample narratives. It is also important
to account for special characters, punctuation, and spacing.

In regards to agricultural crashes, this article provides
evidence that the use of the vehicle type or style from the
structured data can lead to misclassification. In this case, the
misclassification involved falsely identifying vehicles as agri-
cultural (e.g., lawn mowers, construction vehicles). The use
of exclusion terms was effective in identifying misclassifica-
tion through flagging these narratives for review and exclu-
sion. This misclassification would not have been a concern
if the analysis focused only on crashes involving tractors
rather than equipment and vehicles involved in agricul-
tural activities.

The article found that 0.4 to 5.2% of the other vehicle
types sampled (Types D, L, and Z) included agricultural
crashes, which indicates that if only Type T (farm equip-
ment) vehicles are included, agricultural crashes may be
missed. Thus, for surveillance, it could be important to
include additional vehicle types to capture all agricul-
tural crashes.

A limitation of using crash narratives is that a portion of
narratives may not contain sufficient information to be
meaningful. In this analysis, 43.5% of Type T (farm equip-
ment) narratives did not contain sufficient information to
be classified as agricultural or not. Type T (farm equipment)
narratives cannot be relied upon to identify only agricultural
crashes. Rather, they can be useful for excluding nonagricul-
tural crashes from an analysis and for estimating certain
forms of misclassification. The issue of ambiguous narratives
due to insufficient text or information sorely needs to be
addressed. Much could be gained if more narratives were
completed with information recorded in a systematic fash-
ion. The impact of this issue could be minimized through
training officers on how to complete narratives and the
value of narratives for occupational health and injury pre-
vention, specifically roadway safety. The quality and accur-
acy of any data improves as it is used more. Thus, if
narratives are used to inform research and policy on a larger
scale, comprehensive training and completion of the narra-
tive could be a positive consequence.

Despite these limitations, a strength of the method pre-
sented in this article is that it can be widely used, quickly,
and with little technical training across topic areas. This
overcomes a major barrier to the use of narratives in crash
research. Keyword lists can be developed and applied to
additional populations and crash types. Future research
could examine the performance of this approach for other
specialized vehicle types or other state crash databases. The
gold standard data combined with the lessons learned from
this analysis can be used to inform the development and
evaluation of complex machine learning based models.

In conclusion, this is one of the first articles to present
an easy-to-implement Excel tool to facilitate incorporating
crash narratives into an analysis. Existing literature has
focused on more advanced data mining methodologies, as
well as predictive modeling (e.g., logistic regression) that
require expertise in these fields (Das et al. 2018; Fitzpatrick
et al. 2017; Nayak et al. 2009). This tool requires a moderate
Excel skill level but overall is easy to implement with little
technical training and is relatively inexpensive. Lastly, the

Table 4. Categories of manually verified farm equipment narratives.a

Agricultural
(n¼ 103)

Percentage of agricultural
crash narratives

(n¼ 103)

Person 3 2.90
Crop 51 49.00
Equipment 60 58.30
Brands 75 72.80
Other 59 57.30
aA narrative may include more than 1 keyword; thus, the sum is greater
than 100%.
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tool can be modified and utilized with any narrative or text
field. The tool and more detailed methodology are publicly
available to aid other agencies and researchers utilizing the
Excel methodology.
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