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ABSTRACT 1 

Road work zones (WZs) are increasingly common due to aging infrastructure and the need for 2 

capacity enhancement, presenting significant safety risks characterized by narrow lanes, uneven 3 

traffic flow, lower speeds, and reduced visibility. This study focuses on understanding the role of 4 

human behavioral factors in WZ crash injury severity and addressing the data imbalance caused 5 

by the lower incidence of high-cost fatal and serious injuries. A unique dataset comprising 7,855 6 

WZ crashes in Tennessee from 2018 to 2022 was examined. The study applies the Synthetic 7 

Minority Over-sampling Technique (SMOTE) combined with a Random Forest (RF) model (a 8 

machine learning technique) to balance the dataset and improve prediction accuracy. Results 9 

indicate that aggressive driving, overspeeding, and drunk driving significantly escalate injury 10 

severity. Additionally, balancing the minority categories of crash injury severity levels (fatal and 11 

serious injuries) shifts the importance of contributing factors, emphasizing those more closely 12 

associated with higher injury categories. The application of SMOTE proved effective, significantly 13 

enhancing the prediction performance across various categories. The accuracy of the RF model 14 

improved from 71.88% to 74.36%, while the balanced accuracy increased substantially from 15 

51.58% to 80.97%. These findings offer valuable insights for traffic safety engineers, 16 

transportation agencies, and policymakers to enhance WZ design and management. The study 17 

provides a framework for analyzing imbalanced crash data, highlighting critical behavioral factors, 18 

and recommending additional signage, speed limit reductions, and increased enforcement against 19 

unsafe driving behaviors. This approach aims to mitigate injury severity and improve road user 20 

safety in work zones. 21 

Keywords: Work zones (WZs), Crash injury severity, Synthetic minority oversampling technique 22 

(SMOTE), Data imbalance, Random forest (RF) model, Predictive modeling, Human behavioral 23 

factors, Aggressive driving, Overspeeding, Drunk driving. 24 
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INTRODUCTION 1 

Road networks are important in providing mobility and boosting a country’s economy. The aging 2 

characteristics of the highway infrastructure, especially in the US, and the construction or 3 

maintenance works have led to an increase in road work zones (WZs). However, these WZs pose 4 

significant risks to the safety of drivers, passengers, pedestrians, and workers due to various factors 5 

such as variations in traffic flow, lane closures, posted speed limits, and reduced visibility. To 6 

construct, maintain, and rehabilitate a road network, activities are sometimes carried out during 7 

active traffic hours, necessitating careful planning and execution of WZs for the safety of road 8 

users [1, 2]. WZ crashes are a significant concern for transportation agencies, construction agencies, 9 

and road users because they are high-risk, resulting in fatalities, injuries, property damage, delays, 10 

and traffic congestion. According to the National Highway Traffic Safety Administration 11 

(NHTSA) Fatality Analysis Reporting System (FARS), the Federal Highway Administration 12 

(FHWA) reported a total of 956 traffic fatalities in the WZs in the United States in 2021. Of these, 13 

778 fatalities were drivers and passengers, 173 were bicyclists and pedestrians, and 5 were 14 

categorized as others [3]. Additionally, approximately 42,151 injuries and 61,893 instances of 15 

property damage were reported, totaling 105,000 crashes in WZs in 2021 [4]. Despite significant 16 

technological advancements that have enhanced the operations of WZs, such as smart work zones 17 

[5], societal concerns regarding safety and mobility near WZs persist, and Tennessee highways are 18 

no exception. In Tennessee, 3,855 WZ crashes were reported in 2022 [6], the majority of which 19 

involved distracted driving and other human errors. This significant number emphasizes the need 20 

to investigate behavioral factors contributing to the severity of injuries sustained in such incidents. 21 

Given the new developments in analytical methods, understanding the role of these factors on the 22 

entire spectrum of injury severity is critical due to the challenges of navigating WZs and the 23 

evolving nature of human behavior. 24 

Significant efforts and studies have been carried out in the past by researchers to identify, 25 

analyze, and quantify the key contributing factors responsible for the severity of WZ crash injuries. 26 

Various frequentist methods [7-10] and machine learning techniques [11, 12] have been used to 27 

study and correlate the different factors associated with it. Most of the past studies contain 28 

plausible, intuitive, and logical results, yet many aspects of the WZ  crash injury severity remain 29 

unexplored. Moreover, in the realm of machine learning and data analysis, it is common to 30 

encounter imbalanced crash data, which often includes instances with a lower occurrence of fatal 31 

or serious injury crashes. Despite their lower frequency, these types of crashes carry a significantly 32 

higher social cost than crashes involving property damage only (PDO). According to the United 33 

States Department of Transportation, Federal Highway Administration (FHWA) safety program, 34 

the social cost of a fatal injury resulting from a crash is estimated at approximately 11 million 35 

(2016 dollars). In contrast, a PDO crash costs around 12,000 (2016 dollars) [13]. Therefore, 36 

effectively addressing the imbalance in crash data is crucial for the accuracy and overall efficacy 37 

of the model. 38 

Considering the limitations mentioned above, this research study intends to identify and 39 

explore the key behavioral factors responsible for the severity of WZ crash injuries while 40 
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controlling for crash attributes, geometric features of the roadway, environment, and WZ types of 1 

WZs using a unique dataset of Tennessee WZ crashes. The study uses a machine learning (ML) 2 

technique (Random Forest algorithm) to make predictions. Importantly, proficiently implementing 3 

the SMOTE is integrated into the RF model to correct the dataset’s imbalance. This approach 4 

strategically augments the representation of the minority class, resulting in a more robust and 5 

reliable analysis that yields meaningful and intuitive results. The study findings provide valuable 6 

inferences for traffic safety engineers, construction engineers, transportation agencies, 7 

policymakers, planners, and researchers, facilitating further enhancements in WZ safety. 8 

LITERATURE REVIEW 9 

Transportation safety research has examined crash risk and outcomes across diverse contexts, 10 

including vulnerable road users (e.g., pedestrians, bicyclists, and motorcyclists) [14-16]. Recent 11 

studies have also evaluated the safety and reliability of automated vehicles and examined how 12 

connected/automated vehicle data can support post-crash investigation and reconstruction [17-21]. 13 

Building on this broader safety literature, the literature review indicates that work zones (WZs) 14 

have remained the topic of interest for many researchers due to their importance in road safety. 15 

Many studies have considered WZ crash frequency as a safety performance measure to examine 16 

the impact of WZ, whereas others have focused on its injury severity. While WZs are associated 17 

with higher crash frequencies, they may have lower injury severity compared with non-WZs. A 18 

literature synthesis indicates numerous factors contribute to WZ crashes, such as over-speeding 19 

and significant speed variation within WZs, which are major factors. Higher speeds raise the 20 

probability of crashes and their potential severity [9, 10, 22, 23]. WZ interventions aim to curb 21 

speeding and ensure consistent traffic flow. Additionally, driver behaviors, including the age and 22 

gender of the driver [22, 24], alcohol impairment [25], and distraction or recklessness [22, 26], 23 

significantly influence the severity of injuries from WZ crashes. Vehicle characteristics, such as 24 

the number of vehicles involved [11] and the type of vehicles (light/ heavy) [8, 9, 24, 27], also 25 

substantially affect injury severity. Environmental factors like weather and lighting often influence 26 

WZ crash severity [11, 22, 24, 28]. Roadway features impacting WZ crash severity include the 27 

number of lanes, the road’s functional classification, traffic control devices, the presence of a curve 28 

on the road, and the posted speed limits within the WZs [9, 25-29]. Moreover, crash attributes such 29 

as the type of crash [22, 27], the nature of vehicle collisions [30-32], the design and duration of 30 

the WZ [2, 7, 30], and the presence of vulnerable road users like pedestrians [33] play a pivotal 31 

role in determining crash severity in WZs. 32 

Researchers in the past have employed a variety of statistical tools for analyzing WZ crash 33 

severity, including but not limited to ordered logistic regression, multinomial logistic regression, 34 

mixed generalized ordered response probit models, hierarchical models, Bayesian models, and the 35 

partial proportional odds model [7-9]. More recently, machine learning (ML) techniques have 36 

emerged for the analysis of WZ crash injury severity [11, 34-37]. Among these, the random forest 37 

(RF) algorithm has proven to be highly efficient and recommended for crash injury severity 38 

analysis due to its robustness against overfitting, its ability to handle various types of data, and its 39 

capacity to rank the importance of variables [35, 36, 38-40]. The SMOTE is acknowledged as an 40 
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effective method for correcting imbalanced class distributions, generating additional data for the 1 

minority class to balance the dataset [41-44]. Using emerging analytical techniques, the current 2 

study addresses the significant gap in comprehending how the evolving nature of driver behavior 3 

in WZs contributes to the spectrum of injury severity. Specifically, this study handles imbalanced 4 

injury severity data by applying the SMOTE. 5 

METHODOLOGY 6 

Data Source and Description 7 

The study is based on a unique dataset, manually extracted from the Enhanced Tennessee Roadway 8 

Information Management System (E-TRIMS), compiled and maintained by the Tennessee 9 

Department of Transportation (TDOT), United States. E-TRIMS is a single integrated, reliable 10 

system that includes an inventory of the state and local roadways, structures, traffic, and crash data. 11 

The data used in the study are the road crashes within the WZs in Tennessee from 2018 to 2022. 12 

The initial dataset, extracted from the E-TRIMS, comprised Microsoft Excel files and geographical 13 

information system (GIS) shapefiles (having longitudes/ latitudes) of the WZ crashes. Since E-14 

TRIMS data are not available in a consolidated form, various data files containing key factors/ 15 

variables associated with WZ crashes were integrated. The information/ column of case ID (crash 16 

identification number as per police record) was used in all data files to merge the data. The initial 17 

dataset included 8,088 WZ crash observations covering details about crash events, geometric 18 

features of the roadway, human behavior, and vehicle characteristics. After carefully screening and 19 

cleaning the data, 233 observations were removed due to missing, unknown, or incorrect 20 

information. This resulted in a dataset of 7,855 observations representing crashes within the WZs 21 

in Tennessee. 22 

Study Design and Methodology 23 

Figure 1 provides an overview of the study’s design. The distribution of the dataset of 7,855 WZ 24 

crashes across different injury severity levels (assessed using the KABCO scale) is as follows: 25 

Fatal Injuries (K): 59 (0.75%); Serious Injuries (A): 224 (2.85%); Minor Injuries (B): 1,325 26 

(16.87%); Possible Injuries (C): 591 (7.52%); and No Injuries (O): 5,656 (72.01%). Due to the 27 

relatively low number of fatal injury crashes, the dataset is reorganized into three broader 28 

categories: KA, BC, and O, grouping ‘fatal and serious injury,’ ‘minor and possible injury,’ while 29 

retaining ‘no injury’ as the lowest category. The WZ crash injury severity is selected as the 30 

‘dependent/outcome variable,’ representing a categorical and ordinal scale (in ordered form). The 31 

dataset includes various potential factors that describe attributes of the crash, human behavior, 32 

roadway geometry, environment, WZ type, etc. These factors are classified into 15 distinct 33 

categories of independent/ explanatory variables for the recorded crashes. The Random Forest 34 

algorithm is employed in the study to predict key variables based on their significance and 35 

importance. Additionally, the application of SMOTE reinforces and enhances the RF model’s 36 

predictions for the minority category (Fatal/Serious Injury) of the outcome variable (crash injury 37 

severity). The study concludes by presenting findings along with valuable recommendations 38 

(Figure 1). 39 
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Figure 1 Design of the Study 18 

Machine Learning Technique – Random Forest Model 19 

Introduced by Breiman in 2001, the Random Forest technique amalgamates multiple independent 20 

base classifiers known as ‘decision trees.’ Each tree contributes a vote towards the classification 21 

of a test sample, with the final category label determined by majority voting. The model’s 22 

performance is optimized by fine-tuning hyperparameters, including the number of trees. RF 23 

enhances its efficacy through random processes at various stages, such as selecting training set 24 

subsets via the ‘bagging’ technique. Additionally, RF offers valuable feature ranking, identifying 25 

the most influential variables on the outcome. This integration of randomness markedly improves 26 

the RF algorithm’s classification accuracy. The RF model has been extensively discussed in 27 

numerous prior studies, which provide a comprehensive understanding that can be consulted for 28 

further insight [10, 35, 36, 38-40, 45-47]. The predictive performance of the RF model is evaluated 29 

using the following metrics, with the test dataset serving as a holdout sample: 30 

Accuracy of the Model 31 

Model accuracy is the proportion of correctly classified observations (True Positives + True 32 

Negatives) to the total observations in the dataset, calculated as:  33 

Dependent 

Variable 

Explanatory 

Variables 

E-TRIMS Dataset 

 (N = 7,855) 

Work Zone Crash Injury Severity 

− Fatal/ Serious Injury 

− Minor/ Possible Injury 

− No Injury 

−  

  

Geometric 

Features 

Human 

Behavior 

Environmental 

Factors 

Crash 

Attributes 

Machine Learning Technique 

(Random Forest Model) 
SMOTE 

Results & Conclusions 
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Accuracy of the Model = (
Number of correctly classified observations

Total number of observations
)  x 100                     (1) 1 

Balanced Accuracy of the Model 2 

Balanced Accuracy is a metric used to evaluate the performance of a classification model, 3 

especially when dealing with imbalanced datasets. A higher balanced accuracy value indicates that 4 

the model is balanced with respect to both the minority and majority classes. It is calculated as:  5 

Balanced Accuracy of the Model = (
Sensitivity +Specificity

2
)  x 100                     (2) 6 

Cohen’s Kappa Value 7 

Cohen’s Kappa is a statistical measure used to evaluate the inter-rater agreement for categorical 8 

items. It considers the agreement occurring by chance. A higher Kappa value indicates that the 9 

agreement between the raters is substantially greater than what would be expected by chance alone, 10 

reflecting more reliable and consistent ratings [48]. It is calculated as: 11 

Kappa Value (𝑘) = (
𝑃𝑜− 𝑃𝑒

1 − 𝑃𝑒
)                          (3) 12 

Where: 13 

𝑃𝑜 is the observed agreement among raters (the actual agreement) 14 

𝑃𝑒 is the expected agreement (agreement by chance) 15 

Sensitivity/ Recall of the Class 16 

Sensitivity, or recall, for a particular class is the ratio of correctly classified observations in that 17 

class to all observations of that class, calculated as: 18 

Sensitivity =
Number of correctly classified observations in a class (True Positives)

True Positives+False Negatives
                    (4) 19 

Precision of the Class 20 

Precision for a class is the proportion of correctly classified observations in that class to all 21 

correctly predicted observations, calculated as: 22 

Precision =
Number of correctly classified observations in a class (True Positives)

True positives for all classes
                   (5) 23 

F-1 Score of the class 24 

The F-1 score, which is the harmonic mean of precision and recall, is crucial in contexts with class 25 

imbalance issues. A higher F-1 score indicates better predictive performance for a specific class. 26 

This score measures how effectively SMOTE improves the model’s ability to classify minority 27 

class instances. A higher F-1 score post-SMOTE indicates enhanced model performance in 28 

identifying minority class instances while maintaining precision. It is computed as follows: 29 

F − 1 Score =
2 ×(Precision × Recall)

Presicion + Recall
                                                  (6) 30 

 31 
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Synthetic Minority Over-sampling Technique 1 

SMOTE can effectively capture the entire spectrum of injury severity. Given that fatal and severe 2 

injury crashes have relatively high costs but are relatively rare in the data, the SMOTE algorithm 3 

can serve to balance this minority class. Widely favored for rectifying imbalanced classification 4 

issues, SMOTE employs over-sampling of the minority class, capitalizing on its unique feature 5 

space. The algorithm is finely tuned to meet specific sampling needs by carefully selecting the 6 

number of neighbors. By drawing connections between minority class data points and these 7 

neighbors, SMOTE manages dataset imbalances, ensuring equitable representation of classes. The 8 

method prioritizes the ‘feature space’ over the ‘data space,’ formed by the instance and its K-9 

nearest neighbors, focusing on feature values and their interrelations. To balance the class 10 

distribution in the dataset, the SMOTE algorithm generates synthetic samples for the minority class 11 

as follows: for a given minority class sample 𝑥, identify its 5 nearest neighbors within the same 12 

class based on the smallest Euclidean distance or 𝑛𝑚𝑖𝑛 − 1 neighbors if the minority class count 13 

𝑛𝑚𝑖𝑛 is less than or equal to 5. Randomly select one of these nearest neighbors, denoted as 𝑥𝑅. 14 

Construct a new synthetic sample, S, using the formula: 15 

S = x + u ∗ (xR − x) 
2∗ Precision ∗ Recall

(Presicion + Recall)
                                           (7) 16 

Where 𝑢 is a random number between 0 and 1, drawn from a uniform distribution 𝑈 (0,1). Recent 17 

studies indicate that SMOTE, when used with the Random Forest model, provides high accuracy 18 

compared to other methods such as ADASYN, Borderline-SMOTE, and ROSE [49, 50]. Extensive 19 

discussions and analyses of SMOTE are present in prior research, contributing to its established 20 

reputation in the field [10, 41, 43, 49-54]. 21 

RESULTS 22 

Descriptive Statistics 23 

Table 1 presents the descriptive statistics of the key variables in the dataset, comparing the original 24 

data of the WZ crashes with the SMOTE-enhanced data. In the original dataset, there are a total of 25 

7,855 WZ crashes, out of which 5,656 (72.0%) are ‘no injury,’ 1,916 (24.4%) are ‘minor or possible 26 

injury,’ and 283 (3.6%) are ‘fatal or serious injury’ crashes. After applying SMOTE, the total 27 

number of crashes increased to 16,968, with an equal distribution across the injury severity levels: 28 

5,656 (33.33%) for ‘no injury,’ 5,656 (33.33%) for ‘minor or possible injury,’ and 5,656 (33.33%) 29 

for ‘fatal or serious injury.’ Interestingly, the distribution of the explanatory variables remains 30 

similar after applying SMOTE, indicating that the technique has preserved the distribution of the 31 

original variables while addressing class imbalance. Minor changes have been observed in the 32 

distribution of various factors. For instance, in the original data, 10.0% of crashes involved more 33 

than two vehicles, which slightly increased to 10.34% in the SMOTE-enhanced data. Aggressive 34 

driving/overspeeding was reported in 12.41% of crashes originally, which increased to 14.62% 35 

after SMOTE application. Similarly, the descriptive statistics of other key explanatory variables 36 

are presented in Table 1. Figure 1 shows a graphical visualization of the sample distribution for 37 

the outcome variable ‘WZ crash injury severity’ across original and SMOTE-enhanced data.  38 
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TABLE 1 Descriptive Statistics for Key Variables: Original vs. SMOTE-Enhanced Data 1 

Key Variables 

(Including Dummy Variables) 

Original Data SMOTE-Enhanced Data 

Frequency Percentage 

(%) 

Frequency Percentage 

(%) 

WZ Crash Injury Severity 

(Dependent Variable) 

Total WZ crashes 

Fatal/ serious Injury 

Minor/ possible injury 

No injury 

 

 

7,855 

283 

1,916 

5,656 

 

 

100.00 

3.60 

24.39 

72.01 

 

 

16,968 

5,656 

5,656 

5,656 

 

 

100.00 

33.33 

33.33 

33.33 

Crash Factors 

Total vehicles involved in the crash    

More than two vehicles 

involved 

786 10.00 1,755 10.34 

Two vehicles involved 1,972  25.11 5,209 30.70 

One vehicle involved 5,097  64.89 9,924 58.49 

Area of the vehicle damaged     

Front end damaged 3,689  46.96 8,283 48.82 

Rear end damaged 1,227 15.62 3,220 18.98 

Left/ right sides damaged 1,321 16.82 2,268 13.37 

Vehicle not damaged 1,618 20.60 3,175 18.71 

Human Behaviour Factors 

Driver actions during the crash    

Aggressive 

driving/overspeeding 

975 12.41 2,480 14.62 

Improper maneuver/ braking 2,428 30.91 6,265 36.92 

Driver other actions 1,934 24.62 3,037 17.90 

No contributing action 2,518 32.06 5,063 29.84 

Driver Physical Condition 

Drunk driving/ positive blood 

alcoholic concentration (BAC) 

361 4.60 981 5.78 

Driver other physical 1,403 17.86 2,200 12.97 
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conditions 

Appeared normal 6,091 77.54 13,911 81.98 

Roadway Geometric Factors 

Roadway surface condition     

Wet road surface/ water 

standing 

1,771 22.55 3,246 19.13 

Snowy road surface 73 0.93 112 0.66 

Dry road surface 6,011 76.52 13,621 80.27 

Posted speed limit (mph)     

Speed limit greater than 60 625 7.96 1,974 11.63 

Speed limit 31 – 60 mph 6,168 78.52 12,851 75.74 

Speed limit 0 – 30 mph 1,062 13.52 2,210 13.02 

Environmental Factors 

Weather condition     

Cloudy/ foggy/ windy weather 1,426 18.15 2,067 12.18 

Rainy/ snowy weather 837 10.66 2,876 16.95 

Clear weather 5,592 71.19 12,019 70.83 

Light condition     

Dark not-lighted condition 1,089 13.86 2,541 14.98 

Dark lighted condition 1,569 19.97 2,791 16.45 

Daylight 5,197 66.16 11,586 68.28 

Work Zone Factors 

Type of work zone     

Construction work zone (long 

duration) 

1,532 19.50 2,570 15.15 

Maintenance work zone (short 

duration) 

4,131 52.59 9,034 53.24 

Utility work zone (short 

duration) 

2,192 27.91 5,349 31.52 

 1 

 2 

 3 

 4 
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 7 

Figure 2 Outcome Variable (Crash Injury Severity): Original vs. SMOTE-Enhanced Data 8 

Measure of Collinearity 9 

Correlation among explanatory variables can undermine inference and predictive stability by 10 

inflating standard errors and obscuring the independent contribution of each predictor [55-57]. 11 

Because many predictors in this study are categorical, collinearity was first evaluated using 12 

Cramer’s V, which is well-suited for measuring association strength between categorical variables 13 

with multiple levels on a scale from 0 (no association) to 1 (perfect association). Overall, the 14 

Cramer’s V values across the exploratory variables were low to moderate and remained below 15 

0.75, suggesting no severe dependence structure that would compromise model estimation. The 16 

most notable pairing was ‘weather condition’ and ‘roadway surface condition’ (Cramer’s V = 17 

0.606), which is expected conceptually because adverse weather frequently coincides with 18 

degraded surface conditions. To further validate the model specification, Variance Inflation Factor 19 

(VIF) diagnostics were then used as a supplementary check, consistent with common practice in 20 

transportation safety and travel-behavior modeling studies [55-59]. Although VIF is primarily 21 

defined for linear dependence among regressors in regression settings, it remains a practical 22 

screening tool for identifying problematic multicollinearity. The VIF diagnostics indicated that all 23 

predictors were within acceptable limits, with a maximum VIF of 1.32 (below the commonly used 24 

threshold of 5), suggesting that multicollinearity is not a concern and no remedial actions (e.g., 25 

variable removal or re-specification) were warranted. 26 

Machine Learning Technique – Random Forest Model 27 

To estimate the Random Forest (RF) model, the WZ crashes original dataset was randomly divided 28 

into two distinct subsets: the training set, comprising 70% (N_train = 5,540 crashes), and the test 29 

set, comprising the remaining 30% (N_test = 2,315 crashes), using the ‘ranger’ package in RStudio 30 

statistical software. The training set was utilized to train the RF model, while the test set served as 31 

a holdout sample for predictions. A grid search with 10-fold validation optimized the model’s 32 

hyperparameters. The best model parameters included several trees (1500), variables for splitting 33 

the node mtry (10), minimum node size (15), and sample fraction (0.7). These resulted in a 34 

minimum cross-validation error of 0.536. With these optimal parameters, the model reached a 35 

training accuracy of 74.95% and an out-of-sample prediction accuracy of 71.88% for the test data 36 

(Table 2), with other performance metrics such as balanced accuracy, Cohen’s kappa value, 37 
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precision, sensitivity/recall, and F-1 score shown in Table 2. Feature importance analysis revealed 1 

each predictor’s individual contribution to model accuracy. Figure 3 displays the list of the top ten 2 

most influential predictors with their relative importance values on a standardized scale from 0 to 3 

1, sorted in descending order. ‘More than two vehicles involved in a crash’ is the most significant 4 

predictor, with a relative importance of 1.00, followed by the predictor ‘cloudy/ foggy/ windy 5 

weather,’ with a value of 0.85. Notably, two human behavior-related predictors, ‘drunk 6 

driving/positive BAC’ and ‘aggressive driving/overspeeding’  are among the top 10 most important 7 

features, with a relative importance of 0.74 and 0.66, respectively.   8 

The RF model achieved an overall accuracy of 71.88% with the original data, which is 9 

acceptable. However, it significantly underperformed in predicting the minority class of 10 

‘Fatal/Serious Injury.’ The precision, recall, and F1 score for this class were extremely low at 0.000, 11 

0.009, and 0.00, respectively. These values indicate that the model failed to correctly identify 12 

instances of ‘Fatal/Serious Injury.’ Furthermore, the balanced accuracy and Cohen’s kappa values 13 

for the RF model were 51.58% and 0.0611, respectively. These metrics further highlight the 14 

model’s inadequacy in handling the minority class, emphasizing the need for improved techniques 15 

to address class imbalance. Given the significant underrepresentation of ‘Fatal/Serious Injury’ 16 

crashes (only 283 out of 7,855 total WZ crashes), the RF model’s performance was enhanced by 17 

applying SMOTE. After applying SMOTE, the total number of crashes increased to 16,968 with 18 

an equal distribution across the injury severity levels (Table 1). The WZ crashes original SMOTE-19 

enhanced dataset was then randomly divided into two distinct subsets: a training set comprising 20 

70% (N_train = 11,781 crashes) and a test set comprising the remaining 30% (N_test = 5,187 21 

crashes). The RF model applied to the SMOTE-enhanced data achieved an overall accuracy of 22 

74.36% and a balanced accuracy of 80.97%, indicating improved performance over the original 23 

data. Precision, recall, and F-1 scores for the ‘Fatal/Serious Injury’ class significantly improved to 24 

0.894, 0.950, and 0.921, respectively, demonstrating enhanced model capability in classifying this 25 

previously underrepresented class. The Minor/ Possible Injury class also saw improvements, with 26 

precision (0.772), recall (0.617), and F-1 score (0.686) being higher compared to the original data. 27 

The No Injury class saw a decrease in precision (0.578) and F-1 score (0.636), but recall (0.708) 28 

remained strong. Cohen’s Kappa value improved to 0.6158, indicating a substantial agreement 29 

beyond chance as shown in Table 2. 30 

Interestingly, after applying SMOTE, the variables associated with the ‘Fatal/Serious Injury’ 31 

category became more prominent among the top ten influential predictors compared to other 32 

variables, as demonstrated in Figure 4. ‘Aggressive driving/overspeeding’ emerged as the most 33 

impactful predictor, with a maximum relative importance score of 1.00, closely followed by ‘more 34 

than two vehicles involved,’ which scored 0.94. Most of the top ten predictors, based on their 35 

relative importance in the SMOTE-enhanced Random Forest model, are significant contributors 36 

to fatal or serious injuries. Additionally, human behavior-related predictors such as ‘aggressive 37 

driving/overspeeding’ and ‘drunk driving/positive BAC’ maintained their prominence, with 38 

relative importance scores of 1.00 and 0.75, respectively, similar to those in the original data RF 39 

model. 40 
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TABLE 2 Performance Metrics of Random Forest Models with Original and SMOTE-1 

Enhanced Data  2 

Observed Outcomes 

(Original Data) 

Predicted Outcomes 

Total Fatal/ Serious 

Injury 

Minor/ Possible 

Injury 

No Injury 

Fatal/ Serious Injury 0 1 0 1 

Minor/ Possible Injury 7 46 57 110 

No Injury 67 519 1618 2204 

Total 74 566 1675 2315 

Performance Metrics 

Precision 0.000 0.081 0.966 - 

Recall/ Sensitivity 0.009 0.175 0.983 - 

F-1 Score 0.000 0.111 0.975 - 

Overall Accuracy 71.88 % 

Balanced Accuracy 51.58 % 

Cohen’s Kappa Value 0.0611 

Observed Outcomes 

(SMOTE-Enhanced Data) 

Predicted Outcomes 

Total Fatal/ Serious 

Injury 

Minor/ Possible 

Injury 

No Injury 

Fatal/ Serious Injury 1493 23 56 1572 

Minor/ Possible Injury 110 1317 709 2136 

No Injury 67 365 1047 1479 

Total 1670 1705 1812 5187 

Performance Metrics 

Precision 0.894 0.772 0.578 - 

Recall/ Sensitivity 0.950 0.617 0.708 - 

F-1 Score 0.921 0.686 0.636 - 

Overall Accuracy 74.36 % 

Balanced Accuracy 80.97 % 

Cohen’s Kappa Value 0.6158 
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 1 

 2 

Figure 3  Top 10 Relative Importance Variables – Original Data Random Forest Model 3 

 4 

Figure 4 Top 10 Relative Importance Variables – SMOTE-enhanced Random Forest Model 5 
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DISCUSSION 1 

The application of SMOTE has effectively addressed the imbalance in WZ crash data by enhancing 2 

the representation of the minority class (Fatal/Serious Injury) within the dataset. Interestingly, the 3 

distribution of the variables remains similar after applying SMOTE, indicating that the technique 4 

has preserved the distribution of the original variables while addressing class imbalance (Table 1). 5 

The improved performance metrics of the RF model, particularly the F-1 score of the minority 6 

class after applying SMOTE, demonstrate its efficacy. The overall accuracy improved from 7 

71.88% to 74.36%, and the balanced accuracy increased significantly from 51.58% to 80.97%. 8 

The Cohen’s Kappa value, which measures the agreement between observed and predicted 9 

classifications, also improved from 0.0611 to 0.6158, indicating better model performance after 10 

SMOTE application (Table 2). Previous studies have observed similar outcomes in other contexts 11 

[10, 41, 43, 50-54]. Another significant finding of the study is that SMOTE alters the importance 12 

of contributing variables, making them more prominent in the list of variables of relative 13 

importance, particularly those closely associated with higher injury severity classes, such as fatal 14 

or serious injury crashes (Figure 4). This adjustment in variable importance significantly 15 

contributes to the existing literature on SMOTE, showcasing its effectiveness in refining predictive 16 

models for traffic safety analysis.  17 

Human Behavior Factors 18 

The SMOTE-enhanced RF model demonstrates superior performance metrics and predictive 19 

accuracy, making it more reliable for identifying critical factors contributing to WZ crash injury 20 

severity. Human behavior factors, namely ‘aggressive driving/overspeeding’ and ‘drunk driving’ 21 

indicated by a positive BAC, have been found significant in both the original data and SMOTE-22 

enhanced RF models’ feature importance analyses (Figures 3 & 4). This highlights the robustness 23 

of SMOTE in retaining key variable characteristics while improving the model’s focus on severe 24 

injury predictors. With the highest standardized coefficient of 1.00 in the SMOTE-enhanced RF 25 

model (Figure 4), aggressive driving and overspeeding emerge as the most critical factors in crash 26 

severity. This suggests that such behaviors by drivers are likely to result in severe injury crashes 27 

due to reduced reaction time for drivers to respond to unforeseen circumstances. This finding 28 

underscores the importance of enforcing speed limits and implementing measures to curb 29 

aggressive driving behaviors in WZs [23, 60-63]. Additionally, if the driver is under the influence 30 

of alcohol, indicated by a positive BAC, the severity of injuries is expected to increase. Alcohol 31 

impairs vision, coordination, distance judgment, and reaction times, which are further 32 

compromised by the complexities of a WZ. These findings align with those documented by other 33 

researchers [15, 26, 64-66].  34 

Other Key Factors 35 

Other significant factors observed in the SMOTE-enhanced RF model’s feature importance 36 

analysis include ‘more than two vehicles involved in a crash,’ ‘vehicle front end damaged,’ ‘speed 37 

limits greater than 60 mph,’ ‘dark not-lighted condition,’ ‘construction WZ (long duration),’ 38 

‘rainy/snowy weather,’ and ‘vehicle rear end damaged’ (Figure 4). The predictor ‘more than two 39 
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vehicles involved in a crash’ indicates that if more than two vehicles are involved in a crash, the 1 

likelihood of severe injuries increases, as observed in past studies [8, 66]. Similarly, the modeling 2 

results suggest that higher posted speed limits within WZs are associated with an increased 3 

likelihood of crash injury severity, with speeds over 60 mph posing higher risks. This result is 4 

consistent with prior studies on WZ crash severity [8, 28, 67, 68]. Additionally, the nature of 5 

vehicle damage impacts injury severity, with front or rear-end damage likely resulting in more 6 

severe injuries (Figure 4). This aligns with the understanding that head-on and rear-end collisions 7 

are typically more severe, as supported by previous studies [8, 26]. Weather and lighting conditions 8 

significantly influence the severity of injuries in WZ crashes. Rainy or snowy weather conditions 9 

associated with slippery roads increase the severity of injuries as compared to clear weather, as 10 

observed in past studies [28, 69-71]. Moreover, dark not-lighted conditions are positively 11 

associated with WZ crash injury severity, indicating that severe injury crashes occur during dark 12 

conditions compared to daylight or dark-lighted conditions. The finding is intuitive as the darkness 13 

reduces visibility, leading to a shorter time for drivers to make evasive maneuvers to avoid 14 

collisions with vehicles or objects, thus increasing the likelihood of severe injury crashes, as 15 

reported in the past [28, 33, 69-74]. The model indicates that long-duration construction WZs are 16 

likely to cause more injury severity as compared to short-duration maintenance and utility WZs 17 

due to their prolonged exposure and complexity, which lead to increased driver confusion and 18 

higher chances of accidents, Additionally, extended traffic disruptions, changing environmental 19 

conditions, and driver overconfidence with repeated exposure exacerbate these risks, resulting in 20 

more severe crashes as noted by previous researchers [71, 75].  21 

LIMITATIONS 22 

The results and findings of this study are subject to several limitations inherent in the available 23 

data, which may affect the outcomes and their interpretation. Although the study employs a unique 24 

and reliable dataset for model estimation, it lacks essential variables relevant to WZ crashes, such 25 

as the traffic volume (daily or hourly) at the time of the crash and precise crash locations within 26 

the WZs. Future research should aim to collect and integrate more detailed data into the existing 27 

database, which could enhance model calibration and provide a more in-depth analysis of risk 28 

factors across various crash scenarios. Additionally, while the study demonstrates the effectiveness 29 

of SMOTE in balancing the dataset and improving the prediction performance of the RF model, 30 

the findings are based on data localized to Tennessee. This regional focus may limit the 31 

generalizability of the results. The applicability of the findings to other states or regions may be 32 

constrained by differences in socio-economic, geographical, and traffic conditions. Therefore, 33 

caution should be exercised when extrapolating these results to broader contexts. 34 

CONCLUSIONS  35 

With the rise of road WZs necessitated by aging infrastructure and the need for maintenance and 36 

increased capacity, there is an inherent elevation in safety risks characterized by narrow lanes, 37 

irregular traffic flow, reduced speeds, and limited visibility. These factors emphasize the need to 38 

thoroughly understand the association of human behavioral factors on the entire spectrum of injury 39 

severity of WZ crashes, especially given the challenges in navigation and the emergence of new 40 
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methods for data analytics. This research study focuses primarily on two aspects: firstly, to explore 1 

the key human behavioral factors responsible for WZ crash injury severity, and secondly, to 2 

effectively apply the SMOTE to address the issue of data imbalance in crash injury data, primarily 3 

arising from the lower incidence of costly fatal and serious injuries. To provide useful insights into 4 

the behavioral factors associated with WZ crash injury severity, the study examines a unique 5 

dataset comprising 7,855 WZ crashes that occurred in Tennessee from 2018 to 2022. The study 6 

applies a Random Forest model enhanced by SMOTE to comprehensively analyze WZ crash data. 7 

Interestingly, SMOTE has not only proved effective in addressing the imbalance in WZ crash data 8 

by enhancing the representation of the minority class (Fatal/Serious Injury) within the dataset but 9 

it also improved the model’s results by emphasizing factors associated with fatalities and severe 10 

injuries. The accuracy of the RF model improved from 71.88% to 74.36%, while the balanced 11 

accuracy increased substantially from 51.58% to 80.97%, enhancing the model's prediction 12 

performance across various categories. The Cohen’s Kappa value also improved from 0.0611 to 13 

0.6158. This refinement ensures that the infrequent but severe fatal and serious injuries are not 14 

overlooked, providing a clearer and more comprehensive picture of safety issues. 15 

This study reveals important findings. It determines that driver behaviors such as aggressive 16 

driving, overspeeding, and drunk driving significantly escalate the severity of injuries in WZ 17 

crashes. Geometric features of WZs, like the posted speed limit, have been recognized as 18 

significant contributors, with injury severity escalating when the speed limit exceeds 60 miles per 19 

hour. Additionally, injury severity from WZ crashes intensifies when more than two vehicles are 20 

involved. Regarding vehicular damage during a crash, front and rear-end damage are more likely 21 

to result in severe injuries. Environmental factors such as weather and lighting conditions are 22 

directly related to injury severity in WZ crashes. Wet conditions, such as during rain or snow, 23 

aggravate injury severity due to slippery roads. Moreover, WZ crashes occurring in unlit (dark, 24 

not-lighted) conditions are more likely to result in severe injuries than daylight or dark-lighted 25 

conditions due to the reduced reaction time available to drivers. Long-duration construction zones 26 

are more prone to severe injuries compared to maintenance and utility zones. 27 

The study provides valuable insights into the human behavioral factors and other elements 28 

affecting WZ safety, emphasizing the importance of using SMOTE for more reliable analyses of 29 

imbalanced crash data. Transportation agencies should consider developing tools to balance data 30 

before analysis, which can significantly improve traffic safety research quality. Additionally, 31 

insights from this study can inform the implementation of protective measures in urban WZs, such 32 

as more signage, additional barriers, and speed limit reductions. Law enforcement should increase 33 

efforts against drunk driving, aggressive driving, and overspeeding, while public awareness 34 

campaigns can educate the public on the dangers of unsafe behavior in work zones. 35 
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