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A B S T R A C T

Introduction: Emergency 9-1-1 incident data are recorded voluntarily within fire-department-specific computer- 
aided dispatch systems. The National Fire Incident Reporting System serves as a repository for these data, but 
inconsistency and variability in reporting practices across departments often lead to challenges in data quality 
and utility. This study aims to enhance emergency incident categorization and explore the feasibility of an 
automated system using free-text incident data from the National Fire Operations Reporting System (NFORS). 
Method: Researchers extracted and standardized 3,564 unique 9–1-1 incident descriptions from six fire de
partments using NFORS data, including narrative fields from emergency reports. The data were preprocessed 
using natural language processing (NLP) techniques, such as tokenization, stop word removal, and feature 
extraction (e.g., TF-IDF and n-grams). These features were used to train and evaluate Machine Learning (ML) 
models, including Naïve Bayes, Random Forest, and Support Vector Machine, to classify incidents into nine 
categories. The NLP techniques prepared the text data for the ML models, which performed the classification and 
assessed the automated system’s performance. Results: The study demonstrated significant improvements in 
incident categorization accuracy using the NLP and ML approach. Unigram models achieved 93% accuracy when 
applied to 3,564 unique incident descriptions. This performance was evaluated by comparing the automated 
classifications to manually assigned categories, which served as the reference. Mis-categorizations primarily 
occurred with “Emergency Medical Services (EMS).” Conclusions: Standardized and consistent incident catego
rization is vital for informed decision-making, efficient resource allocation, and effective emergency response. 
Our findings suggest that adopting a robust categorization system, such as the nine-category model using NLP 
and ML, can improve categorization accuracy and enhance data quality and utility for decision-making. Practical 
Applications: Public safety agencies can leverage these insights to modernize data systems, strengthen occupa
tional surveillance, and create more resilient and sustainable public safety data systems.

1. Introduction

The details of emergency 9-1-1 incident calls are voluntarily recor
ded in fire-department-specific computer-aided dispatch (CAD) systems 
or record management systems (RMS). Such data entry systems often use 
the National Fire Incident Reporting System (NFIRS) to characterize 
information about each incident such as the time, date, type, response 
time, civilian and fire fighter casualties, property loss and other relevant 
details. The U.S. Fire Administration (USFA) established NFIRS as a 
voluntary reporting system in 1975. NFIRS was initially launched with 

six states in 1976 and is in its fifth edition (National Fire Data Center, 
2017). A primary function of NFIRS is to serve as a repository for data 
related to fire and emergency response incidents across the United States 
(National Fire Data Center, 2015).

Over the years, NFIRS has evolved to encompass various aspects of 
fire incidents, including fire suppression, emergency medical services 
(EMS), hazardous materials responses, and fire-related deaths and in
juries. Despite its comprehensive scope, NFIRS has faced major chal
lenges, including its reliance on voluntary reporting, inconsistent use by 
dispatchers, as many as 567 data elements, and variations in how 
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different fire departments record incidents, sometimes leading to 
incomplete or unreliable data (National Fire Data Center, 2017). 
Considering the limitations of NFIRS, the USFA announced its commit
ment to data modernization in the development of a new, interoperable 
fire information and analytics platform labeled the National Emergency 
Response Information System (NERIS) (U.S. Fire Administration, 2023). 
Once developed, piloted, and refined, NERIS will eventually replace 
NFIRS to provide the firefighter community with empirical, reliable data 
analytics.

Meanwhile, the National Fire Operations Reporting System 
(NFORS), developed by the International Public Safety Data Institute 
(IPSDI), offers a modern approach to incident reporting (IPSDI, 2023). 
While NFORS follows a similar structure to NFIRS, it streamlines inci
dent category by grouping them into three large categories: “EMS,” 
“Fire,” and “Other.” This categorization is based on the description of 
the incident and the type of responder (e.g., fire unit only or fire-based 
EMS unit). NFORS automates the extraction, standardization, and 
analysis of incident data directly from fire department CAD or RMS, 
making it efficient and less prone to the inconsistencies.

This study leverages NFORS data and employs broadly applied 
modern data science techniques to explore potential ways to improve 
the usability of NFIRS data with the intent to inform future NERIS data 
reporting elements and to provide insights into data standardization. 
This study included two primary objectives: (1) identify an updated, 
more accurate, and informative incident scheme to categorize data; and 
(2) examine the feasibility of an automated incident category system 
based on free-text analysis of incident data.

Methods.
As part of a project within the Centers for Disease Control and Pre

vention (CDC) Data Modernization Initiative (Centers for Disease Con
trol and Prevention. Data Modernization Initiative, 2023), the National 
Institute for Occupational Safety and Health (NIOSH) collaborated with 
IPSDI, a non-profit data science organization that procures and analyzes 
public safety surveillance data (IPSDI, 2023). IPSDI provided NIOSH 
with 9-1-1 emergency incident descriptions after they were normalized 
within IPSDI’s proprietary NFORS, which is different from NFIRS but 
provides an integrated approach to data extraction and standardization 
for fire departments. The decision to use NFORS in this study was driven 
by its capability to provide normalized 9-1-1 emergency incident de
scriptions, which are essential for analyzing and improving incident 
categorization. For fire departments that engage with IPSDI, NFORS is 
integrated directly into the department’s CAD or RMS for automatic 
extraction and standardization of operational data. This activity was 
reviewed by CDC, deemed research not involving human subjects, and 
was conducted consistent with applicable federal law and CDC policy.1

The data sample received from IPSDI included 3,511,066 incidents 
that occurred between 2016 and 2021 from six fire departments. When 
the incident data were retrieved from department systems, IPSDI stan
dardized the incidents, assigning each to one of three categories: EMS, 
Fire, or Other. The researchers initially generated word clouds of the 
incident narrative descriptions by each of the three incident categories 
(Fig. 1) to serve as a starting point for further analysis of the data (Viegas 
et al., 2007; Sinclair & Cardew-Hall, 2008; Cidell, 2010; DePaolo & 
Wilkinson, 2014). These word clouds provided a visual representation of 
the most frequently occurring terms within each category. Specifically, 
the bigger and bolder each word is, the more often it appeared in the 
dataset, helping to highlight key themes and patterns in the incident 
descriptions, which informed the categorization process.

Fig. 1 shows inconsistencies in the categorization for some incidents. 
For example, person, ill, injured, pain, and unconscious were all keywords 
accurately assigned to an EMS incident in the word cloud. However, the 
Other word cloud shows stroke and unconscious, which should be 

categorized as EMS incident keywords. Also, because there are poten
tially many more categories of incidents than the three described, some 
incidents were forced into nonrelevant categories. For example, motor 
vehicle accidents were categorized as Fire regardless of the presence of 
information that could indicate whether those accidents involved a fire. 
Moreover, some incidents were clearly coded incorrectly.

Based on these initial mis-categorizations, the researchers sought to 
accomplish two objectives: (1) identify an updated, more accurate, and 
more informative incident scheme to categorize data; and (2) examine 
the feasibility of an automated incident category system based on the 
free-text incident data.

1.1. Review and selection of the data sample

First, researchers systematically reviewed the full dataset of 
approximately 3.5 million incident descriptions to identify and remove 
duplicate incident descriptions. The primary reason for eliminating 
duplicates was to prevent overfitting in ML models. This process resulted 
in the extraction of 3,564 unique incident descriptions. Within this set of 
unique incidents, some descriptions were still qualitatively similar. For 
example, variations like “fall-unconscious” and “fall-unconscious-pub
lic” or “fall-unknown status-ground” and “fall-unknown status-public” 
were included as unique entries, even though they convey essentially the 
same information about incidents. To address this issue, researchers 
conducted a thorough examination of these qualitatively similar inci
dent descriptions. This involved comparing their wording, context, and 
specificity of each entry to determine whether they represented distinct 
incidents or redundant variations. Researchers also assessed the poten
tial impact of merging similar incident descriptions on the dataset’s 
clarity, specificity, potential misclassification, and implications for 
subsequent analyses. After careful examination, the researchers chose 
not to merge these qualitatively similar descriptions, for reasons 
described below.

First, maintaining the raw data’s authenticity was crucial for effec
tively training the ML models. Minor variations in incident descriptions, 
even those seemingly insignificant, may carry contextual nuances that 
are valuable for models to learn and generalize. Further, the preserva
tion of these distinctions allowed the models to adapt to the subtleties of 
real-world language, making them more robust and capable of handling 
a wider range of scenarios. Finally, this approach ensured that the 
analysis remained true to the unaltered raw data from emergency 
response calls, providing a comprehensive and unmanipulated 
perspective on the incidents encountered.

Because the original categories (EMS, Fire, and Other) in NFORS were 
quite broad and designed for operational efficiency, the researchers 
recognized that these categories alone might not provide sufficient 
detail to accurately understand service utilization rates, national inci
dent burdens, and other critical aspects. NFORS uses a simplified set of 
categories to facilitate data extraction and standardization. To gain a 
more nuanced understanding, the team consulted the NFIRS incident 
categories and broadened IPSDI’s three category coding system to 
include more options, using insights from the word clouds shown in 
Fig. 1 (e.g., motor vehicle accidents, hazmat-related incidents, and 
overdoses were all visible). The researchers used this broader set of in
cidents during manual recoding of the unique 3,564 incident de
scriptions to address the first objective of the study.

Objective 1: Identifying an Informative Incident Category Scheme.
First, a more detailed review of the data and separate coding was 

necessary to ensure that incident categories appropriately and accu
rately matched the incident descriptions (i.e., the narrative information 
provided in the dispatch report). To determine the accuracy of incident 
categories and opportunities for improvement, researchers manually 
coded the data, using an Excel spreadsheet, for the 3,564 unique inci
dent descriptions.

Researchers split the data file into two parts, each containing 1,782 
incident descriptions. Then, four researchers were divided into two 

1 See e.g., 45C.F.R. part 46; 21C.F.R. part 56; 42 U.S.C. §241(d), 5 U.S.C. 
§552a, 44 U.S.C. §3501 et seq.
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teams of two researchers, with each team independently reviewing and 
coding one of the two parts. Within each team, the two researchers 
coded their part independently. The researchers assigned a category to 
each incident using the following options: EMS, Fire, Hazmat/Explosive, 
Motor Vehicle Incident, Overdose, Psychological, Public Service Assistance, 
Contagious Emergency, and Other/Unclear. The options were derived from 
some overarching categories in NFIRS. After they finished coding 
independently, the four researchers met to further discuss and adjudi
cate any discrepancies. The purpose of this collective effort was to 
ensure a robust and consistent categorization of the data.

Through open dialogue and mutual agreement, the researchers 
deliberated on each case, considered different perspectives, and arrived 
at a consensus regarding the most appropriate category for each 
instance. This collaborative approach aimed to enhance the reliability 
and validity of the coding process, fostering a shared understanding 
among the research team. Subsequently, ML models were run to eval
uate the performance of the initial categorization. Instances of 
misclassification were analyzed to determine whether these errors were 
due to flaws in the categorization process or model limitations. It is 
important to note that all nine categories were kept and no additional 
data categories beyond those manually coded were considered during 
this evaluation. The manual coding was used as the gold standard for 
comparison. This analysis led to the re-coding of approximately 50 cases 
to correct inaccuracies identified in the initial categorization.

Table 1 provides examples of incident descriptions with their orig
inal and recoded categories. For instance, automatic alarms initially 
categorized as Fire were reclassified as Other/Unclear when insufficient 
contextual information was available. Similarly, incidents of suicide 
attempts and emotionally disturbed persons were recoded from EMS and 
Other to Psychological, respectively.

To assess the improvements achieved by transitioning from the 

original three category system to the new nine category scheme, re
searchers performed a comparative analysis. We identified 4,117 
uniquely mapped incident description-category pairs (not 3,564) from 
the original three category dataset. This analysis highlighted the in
consistencies and variations in the original categorization, as the same 
incident descriptions were assigned different categories.

Objective 2: Examining the Feasibility of an Automated Incident Category 
System.

After extracting the narrative incident descriptions and re- 
categorizing them using the updated nine categories, researchers 
employed a methodology combining natural language processing (NLP) 
techniques and ML algorithms (Naïve Bayes, Random Forest, and Sup
port Vector Machine) to categorize all incidents using the nine cate
gories. Prior to modeling, several preprocessing steps enhanced the 
quality and consistency of the narrative incident data. All analyses used 
Python version 3.9.12.

Data Preparation and Method.
Preprocessing steps helped refine the incident narratives and alle

viate noise or irrelevant information, preparing the data for subsequent 
analysis and categorization using NLP and ML algorithms (Bird et al., 
2009; Gupta & Lehal, 2009; Jurafsky & Martin, 2000; Manning & 
Schutze, 1999). Preprocessing included three steps: 

1. Removed common stop words (such as “the,” “and,” or “is”) and 
punctuation that frequently appeared in the incident narratives but 
did not carry significant meaning or contribute to the category.

2. Applied case normalization to convert all text to lowercase to ensure 
consistency.

3. Employed lemmatization to reduce words to their base or root forms, 
consolidating variant forms of words.

Following the preprocessing steps, researchers utilized two funda
mental NLP techniques to further prepare the data for modeling. The 
first technique was Term Frequency-Inverse Document Frequency (TF- 
IDF) (Baeza-Yates & Ribeiro-Neto, 1999; Manning & Schutze, 1999; 
Zhai & Lafferty, 2004). The second was n-gram representations with 
different n-gram lengths (unigrams, bigrams, and trigrams) (Suen, 1979; 
Manning & Schutze, 1999; Nadkarni et al., 2011).

As seen in Table 2, another notable characteristic of the dataset was 
its inherent class imbalance. Across the complete dataset, the re
searchers observed a disparity in the distribution of incident categories. 
In particular, among the 3,564 unique incident descriptions, the EMS 
category emerged as the majority class, representing approximately 
58.2% of the data, followed by the Motor Vehicle Incident category at 
9.5%, and the Fire category at 7.6%. The remaining six categories 
collectively constituted the remaining 24.7%, with individual categories 
ranging from 0.2% (Contagious Emergency) to 6.8% (Other/Unclear). 
Despite the class imbalance, the researchers opted not to artificially 
balance the dataset to maintain the real-world distribution of incident 
categories. Our results (see Results section and confusion matrix in 
Appendix Fig. A1) do not suggest that the level of class imbalance in the 
data had a substantially negative impact on classifier training and 

Fig. 1. Word clouds for original narrative descriptions of 3,511,066 incidents.

Table 1 
Examples of incident descriptions with original and updated category 
assignments.

Incident description Original category 
assigned by NFORS

Updated category 
assigned by researchers

x77c02i—fuel/fluid leak EMS Hazmat/Explosive
motor vehicle collision EMS Motor Vehicle Incident
poisoning/overdose 

(ingestion)
EMS Overdose

psych emergency 
jumper—violent

EMS Psychological

contagious emergency EMS Contagious Emergency
aslt—no danger proximal 

sexual
EMS Public Service Assistance

automatic alarm Fire Other/Unclear
elevator service run Fire Other/Unclear
lockout lockin Fire Public Service Assistance
fire alarm residential Other Fire
water/ice/mud rescue Other Other/Unclear
unconscious person (e) (f) (p) Other EMS
emotionally disturbed person 

acting aggressively
Other Psychological
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performance.
Also, a potential concern when performing analyses on data from 

which repeated incident descriptions have been removed is that the 
distribution of incident types may differ significantly from the full 
dataset. If the distribution of incident types in the deduplicated and 
sample datasets are vastly different, then the results on the deduplicated 
dataset may not accurately reflect the results of applying the model in a 
real-world scenario. Table 2 suggests that this is not a major concern, as 
the distribution of incident types in the deduplicated dataset is similar to 
that in the full dataset. Consequently, researchers felt that resampling 
techniques were not necessary to restore the class balance reflected in 
the full dataset to the deduplicated data.

Supervised Machine Learning Models.
Researchers employed Naïve Bayes, Random Forest, and Support 

Vector Machine (SVM) models in this study. Naïve Bayes is a simple 
model assuming independent features and is effective for text classifi
cation. Random Forest is an ensemble method that builds multiple de
cision trees and combines their results to improve accuracy. The focus of 
SVM is on finding the best boundary to separate different categories, 
even in complex datasets. Each algorithm has its own strengths in 
handling different types of data and tasks (Hearst et al., 1998; Breiman, 
2001; Rish, 2001).

Multiple algorithms allowed researchers to assess and compare 
model category effectiveness and performance. To evaluate the perfor
mance and generalization capability of the models, researchers adopted 
a rigorous model training and evaluation methodology. After dividing 
the preprocessed incident data into training (75%) and testing (25%) 
sets, researchers trained the Naïve Bayes, Random Forest, and SVM 
models on the training set. To see if explicitly addressing class imbal
ances in the dataset would improve performance, a weighted Random 
Forest model using unigrams was also trained to compare it to its un
weighted counterpart. Default parameter settings were used in most 
cases, with the following exceptions: Random Forest (n_estimators =
200); SVM (kernel= ‘linear’). The trained models were then applied to 
the test set. Several performance metrics were calculated (see Table 3 for 

accuracies and F1 scores). Accuracy is the proportion of correct pre
dictions made by the model. F1-score is the harmonic mean of precision 
and recall. It is especially useful when working with imbalanced datasets 
(Sokolova & Lapalme, 2009; Powers, 2020). Precision measures how 
many of the predicted positive instances are truly positive, while Recall 
(or Sensitivity) shows how many of the actual positive instances were 
correctly predicted as such. Performance metrics were rounded to two 
decimal places (equivalently, the nearest whole percentage).

2. Results

Models using unigram features consistently demonstrated higher 
accuracy compared to models using unigram and bigram features or 
models using unigram, bigram, and trigram features (Table 3). Across all 
models, the Random Forest model achieved the highest accuracy of 
93%, closely followed by SVM with 92% accuracy and Naïve Bayes with 
85% accuracy. The F1 scores of these models reflected a similar pattern 
on test data (Random Forest: F1 = 0.90; SVM: F1 = 0.89; Naïve Bayes: 
F1 = 0.61). As expected, these results resembled 5-fold cross-validation 
results that the researchers had also calculated (see Table A1).

Examination of misclassified cases revealed that most of these in
stances involved incidents from other categories being inaccurately 
predicted as EMS (confusion matrix and classification report by category 
with Random Forest model using unigrams appear in the Appendix). 
Specifically, there were instances where cases categorized as Other/ 
Unclear were misclassified as EMS. Examples such as “routine ambu
lance re” or “ee” were expected to be classified as Other/Unclear but 
were misclassified as EMS. This suggests that the model has a lower 
accuracy in predicting cases as Other/Unclear and tends to predict them 
as EMS, likely due to the dominance of EMS cases in the 3,564 dataset. 
Note that for EMS, the Random Forest model using unigrams had 97% 
precision, 96% recall, and a 97% F1 score. Across all categories, preci
sion ranged from 68% (Other/Unclear) to 100% (Psychological and 
Contagious Emergency) while recall ranged from 73% (Psychological) to 
100% (Overdose, Contagious Emergency). Misclassifications were pre
dominantly observed in cases where incidents were predicted as Other/ 
Unclear or EMS instead of other categories.

Tables 4 and 5 presents classification reports for the unweighted and 
weighted Random Forest models. The overall accuracy of both models 
was similar (93% compared to 94%). For most categories, the precision, 
recall, and F1 score was also similar between the unweighted and 
weighted models in most cases. For several categories, the weighting 
appeared to have a negative effect, for example, the precision and F1 
score for Public Service Assistance.

3. Discussion

This study had two objectives: (1) identify an updated, more accu
rate, and more informative incident scheme to categorize data; and (2) 
examine the feasibility of an automated incident category system based 

Table 2 
Comparison of the number and percentage of each category among unique 
incident descriptions (N = 3,564) and among all incident descriptions (N =
3,511,066).

Category # of 3,564 
unique 
incident 
descriptions

% of 3,564 
unique incident 
descriptions in 
each category

# of 
incidents 
(all)

% of 
incidents in 
each 
category 
(all)

EMS 2,075 58.2% 2,334,419 66.5%
Fire 271 7.6% 313,754 8.9%
Hazmat/ 

Explosive
202 5.7% 62,432 1.8%

Motor Vehicle 
Incident

338 9.5% 279,621 8.0%

Overdose 181 5.1% 61,709 1.8%
Psychological 151 4.2% 50,091 1.4%
Public Service 

Assistance
95 2.7% 132,254 3.8%

Contagious 
Emergency

8 0.2% 11,424 0.3%

Other/Unclear 243 6.8% 265,362 7.6%
TOTAL 3,564 100% 3,511,066 100%

Table 3 
Test set results for the ML algorithms.

Naïve Bayes Random Forest SVM
Accuracy F1 Accuracy F1 Accuracy F1

Unigram 0.85 0.61 0.93 0.90 0.92 0.89
Uni + Bigram 0.80 0.53 0.92 0.90 0.92 0.88
Uni + Bi + Trigram 0.75 0.44 0.92 0.89 0.92 0.88

Table 4 
Classification report by category for unweighted Random Forest model using 
unigrams.

Precision Recall F1-score Support

Contagious Emergency 1.00 1.00 1.00 1
EMS 0.97 0.96 0.97 534
Fire 0.83 0.89 0.86 62
Hazmat/Explosion/Gas/Bomb 0.94 0.92 0.93 53
Motor Vehicle Incident 0.97 0.88 0.92 88
Other/Unclear 0.68 0.84 0.75 69
Overdose 0.97 1.00 0.99 38
Public Service Assistance 0.89 0.73 0.80 11
Psychological 1.00 0.83 0.91 35
Accuracy ​ ​ 0.93 891
Macro average 0.92 0.89 0.90 891
Weighted average 0.94 0.93 0.93 891
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on free-text analysis of incident data. To accomplish these objectives, 
this study utilized NLP methods, such as TF-IDF and n-grams, in com
bination with ML algorithms to categorize 9-1-1 incidents based on their 
narrative descriptions. The observed categorization errors highlighted 
the challenges faced in accurately assigning incidents to their respective 
categories, particularly when incident descriptions share similarities in 
the narratives or when an incident category dominates the sample. 
While these errors represent limitations of the current model, it is 
important to note that overall accuracy rates remained high. Specif
ically, the Random Forest model using unigrams achieved a 93% test 
accuracy, the best accuracy among all models included in this study. 
These results underscore the potential for improving emergency 
response standardization through data modernization efforts.

The data analysis and the implications of the results are unique in 
nature. Specifically, most analyses of emergency response calls focus on 
analyzing EMS data for specific trends in illnesses such as strokes, opi
oids, and SARS-CoV-2 (Friedman et al., 2021; Lasher et al., 2019; Garg 
et al., 2019; Pitt, 2022). However, there is still a lack of focus on unifying 
disparate datasets via data standardization, contributing to inconsistent 
and error-prone response efforts, as observed by Kim and colleagues 
(2021). Kim and colleagues (2021) went on to indicate that, to improve 
emergency response guidelines, “a significant amount of manual effort 
and domain expertise is needed for labeling and making sense of such 
data” (pg. 1). This study addressed this challenge by establishing a more 
refined categorization system and helping to ensure the feasibility of 
analytical endeavors.

Practical implications
As indicated earlier, NFIRS is a comprehensive database that enables 

the fire service community, policymakers, and researchers to gain in
sights into fire-related incidents, their causes, and the effectiveness of 
emergency response strategies. Although NFIRS has been a valuable tool 
for understanding fire trends, identifying risk factors, and guiding the 
development of fire prevention and response policies, it does not 
mandate or represent a set standard to report emergency incidents or 
code the narrative incident descriptions received. This lack of structure, 
in combination with a decentralized public health and safety reporting 
system, has been an ongoing challenge to sharing information across 
various data systems—resulting in the need for more modern EMS 
platforms (Henderson, 2009) that can improve interoperability (Valecha 
et al., 2013).

More recently than in the above studies, this challenge was apparent 
during the COVID-19 response when critical gaps were revealed in 
public health and safety data infrastructure that called for improved 
data surveillance and modeling (Hoff et al., 2023; Pitt, 2022). Primarily, 
the need for expanded and interoperable systems to inform real-time, 
accurate decision-making among national, state, and local entities 
became more critical. While it was not practical to scale such systems 
during the emergency response, there are current opportunities to 
improve data management and modernization including 9–1-1 incident 
reporting.

Researchers in the present study sought to improve the usability of 
NFIRS data with the intent to inform future NERIS data reporting ele
ments. These elements would function as a national hub for data 
collection, standardization, and use in the emergency response realm. 
The application of ML to incident data categorization is not limited to 
the NFIRS database though. The methods employed in this study could 
be extended to other public health and emergency response datasets, 
including injury prevention fields. For example, ML has been used on 
large sets of worker compensation data at company and state levels to 
identify risk factors for work-related musculoskeletal disorders (Chan 
et al., 2022) while other studies have used a combination of large lag
ging indicator datasets to understand contributing factors and leading 
indicators for preventing more serious workplace injuries (Pramanik & 
Modak, 2024). The unique impact of this study and application of ML, 
however, is that validated ML models can hopefully be used in real-time 
in a way that befits the organization as emergency data is ingested into 
the surveillance system.

For example, although this study used ML to focus on categorization, 
further exploration of the newly categorized data could reveal trends by 
year, fire department, or time of day, potentially improving response 
times, resource allocation, and public safety strategies. These analyses, 
while beyond the scope of this study, offer valuable opportunities for 
future research to enhance emergency response decision-making to 
prevent injuries.

As other research has demonstrated, the current results emphasize 
the importance of refining and standardizing incident coding. This study 
identified nine categories of incidents to better understand the range of 
emergency incidents that occur and are dispatched to responders (see 
Fig. A2 for an updated word cloud). Specifically, further recognizing 
various subcategories of EMS incidents may enhance future dispatcher 
and fire department coding and improve the accuracy of categorizing 
incidents moving forward.

These results support the use of certain incident codes that occur 
more frequently in the data but were not adequately or specifically 
accounted for in department coding (e.g., psychological incidents). 
Although the differences may seem minor, specifically recognizing and 
coding for such incidents has important implications. First, these vari
ations determine whom to deploy to a response, and second, they 
highlight the need for additional budgeting and resource support in a 
specific health or safety category. In the above example, specifically 
tracking psychological incidents can aid in identifying the need for 
specialized training for responders to effectively engage with individuals 
experiencing such events. Other research has also identified the value of 
standardizing incident descriptions and coding to better predict and 
allocate the need for personal protective equipment during supply 
shortages (Haas et al., 2021; Haas et al., 2023).

It is noteworthy to acknowledge that some incident descriptions such 
as “ee” occurred exclusively in Tennessee, while “routine ambulance re” 
was specific to Florida within our dataset. These occurrences may not 
necessarily be mistakes but rather reflect regional or department- 
specific conventions or terminology. This suggests that further training 
or adjustments to the model may be needed to account for such 
department-specific terms, potentially improving the accuracy of future 
predictions. Expanding the dataset to incorporate a wider variety of 
incident descriptions from different regions and departments could help 
the model better generalize and manage regional terminology varia
tions. Also, continuous model evaluation and updates based on new 
data, along with incorporating expert feedback for validation, will 
ensure ongoing accuracy and relevance.

Limitations
The findings highlight the potential of NLP techniques coupled with 

ML algorithms to effectively categorize emergency incidents, thus 
contributing to the potential generation of standardized, comprehen
sive, and timely public safety surveillance data. However, several limi
tations must be acknowledged. First, manual coding and 
recategorization of the incident descriptions introduced the possibility 

Table 5 
Classification report by category for weighted Random Forest model using 
unigrams.

Category Precision Recall F1 Support

Contagious Emergency 1.00 1.00 1.00 1
EMS 0.98 0.97 0.97 534
Fire 0.84 0.87 0.86 62
Hazmat/Explosion/Gas/Bomb 0.94 0.96 0.95 53
Motor Vehicle Incident 0.99 0.90 0.94 88
Other/Unclear 0.70 0.86 0.77 69
Overdose 0.97 1.00 0.99 38
Public Service Assistance 0.80 0.73 0.76 11
Psychological 1.00 0.80 0.89 35
Accuracy ​ ​ 0.94 891
Macro average 0.91 0.90 0.90 891
Weighted average 0.94 0.94 0.94 891
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of bias. To mitigate this, the researchers employed a multi-coder system, 
involving four coders to independently code and categorize the same 
data, followed by discrepancy adjudication among the four coders when 
necessary. Nevertheless, challenges arose when encountering unknown 
words, leading to coding uncertainties addressed through educated 
guesses and extensive discussions.

It is also important to reiterate that a substantial portion of the data 
were duplicates. Of those duplicates, although they were different 
quantitatively, they were not all qualitatively different as illustrated in 
examples throughout the paper. Furthermore, the dominance of EMS 
incidents in the dataset influenced the models to favor EMS incidents, 
potentially impacting the overall performance. To address these limi
tations in the data, researchers adopted evaluation metrics and meth
odologies tailored to address the nuances of class imbalance, 
underscoring a commitment to a comprehensive and informed analysis. 
This included utilizing precision, recall, and F1 score metrics at each 
category level (Tables 4 and 5), as well as analyzing confusion matrices 
(Fig. A1).

Along a similar vein, the data for this study were for emergency in
cidents that occurred during the COVID-19 pandemic at a time when 
many dispatch centers temporarily included a call type coded “conta
gious emergency” (Anderson, 2020). This ad-hoc call type was docu
mented in many CAD systems across the country and the NFORS 
database extracted and included this call type as well. Consequently, 
including Contagious Emergency as a category in this specific study was 
warranted. While the inclusion of Contagious Emergency as a category 
was directly tied to the COVID-19 pandemic and may no longer iden
tified as a call type in a more current version of the dataset, this example 
underscores the broader importance of having developed, validated 
models that can adapt to new, evolving public health emergencies or 
emerging contagious diseases. Such models should be capable of iden
tifying new risk factors and enabling the continuous updating of pre
vention methods and resource allocation as new challenges arise. 
However, if the same analysis was completed on a more current version 
of the dataset, it is likely that Contagious Emergency would not emerge as 
its own category. This example shows the importance of having the 
capability to have developed, validated models that can be used on new, 
big datasets to identify contributing risk factors and update prevention 
methods and focused resources as needed.

Finally, the study revealed discrepancies in coding and language 
used across six fire departments, indicating that new data from different 
departments may introduce significant variations not captured in the 
currently presented models. This would require ongoing monitoring and 
management. In such cases, manual coding processes are recommended 
to ensure consistent coding with existing data until any significant dif
ferences are identified and addressed.

4. Conclusions

This study demonstrates that NLP and ML techniques are effective 
tools for categorizing emergency incident narratives. The results un
derscore the value of adopting a more comprehensive nine-category 
system for incident reporting, which enhances data accuracy and sup
ports better resource allocation and decision-making.

The findings also highlight that while the current automated classi
fication system shows promising results, ongoing improvements and 
expansions are needed. Future research should focus on incorporating a 
broader range of data sources and addressing regional variations to 
further refine and validate the classification system. This study provides 
a foundational step towards developing a more robust and standardized 
approach to emergency incident categorization.
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