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Abstract
This paper evaluates the machine learning-based weather-related crash prediction model in Connecticut. Crash severity 
prediction has always been the principal focus of safety professionals and emergency responders for appropriate policy 
making and resource management. Over the years, different statistical methodologies (e.g., random forest, support 
vector machine) have been explored in various research efforts to develop efficient crash severity prediction models. 
As technology is advancing and computing has started becoming more efficient, machine learning-based models for 
crash severity prediction are being brought into light for more accurate data-driven prediction. However, some machine 
learning methodologies provide increased efficiency and better performance compared to others from the same genre. 
To explore different machine learning methodologies for crash severity prediction, this study considered two machine 
learning applications—random forest (RF) and bayesian additive regression trees (BART) for performance comparison. 
RF model produced higher prediction probabilities for determining crash severity compare to BART. The results were 
evaluated using various prediction probability analyses obtained from these two machine learning models and showed 
the model capabilities to generate prediction consistent with the observed data. We found the performance of the RF 
model to be highly promising with a higher skill score (0.73) than BART (0.61). Overall, our findings demonstrate the 
robust performances of the RF algorithm in predicting weather-related crashes. The analysis of this study confirms that 
stakeholders can use weather-related RF model with confidence to obtain a better prediction of crash severity that ena-
bles them to facilitate appropriate emergency responses and support essential preemptive measures.
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1 Introduction

Adverse weather is the leading cause of crash occurrence 
which is a major challenge for stakeholder groups [22, 
39]. A weather-related accident occurs in any severe con-
dition such as snow, rain, and winds or on slick pavement 
[23, 39]. Specifically, 73% of all weather-related accidents 
occur when the roads are wet due to rainstorms [39]. The 
incident of weather-related crashes can be assessed by 
evaluating adverse weather conditions [39]. Over the past 
few decades, crash severity prediction due to inclement 

weather conditions has been the focus of extensive studies 
conducted by various stakeholder agencies and profes-
sional bodies to enhance the safe environment for road 
users and to minimize the economic cost in responding 
to such emergencies. It also benefits the agencies and 
associated organizations to effectively plan for their crash 
severity mitigation policies and emergency response 
strategies. Past studies showed that a wide range of crash 
factors such as pedestrian, driver, roadway, land-use char-
acteristics, along with environmental, behavioral and spa-
tiotemporal characteristics of the roadway and associated 
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vehicles are considered in crash severity prediction models 
[5, 18]. In most cases, this information is reported by the 
police officers and released in the form of a crash dataset 
by the governing agencies. The dataset contains valu-
able information that helps to understand the relation-
ship of various contributing factors in determining the 
level of injury severity associated with those incidents. 
The weather-related crash prediction models identify the 
impacts of those contributing factors and enable one to 
predict the crash severity based on those contributing 
factors for better decision making and effective strategy 
implementation.

Transportation safety professionals and researchers 
have been implementing statistical approaches as a pop-
ular modeling framework for crash analysis and severity 
prediction. There have been several research attempts to 
predict the severity of crashes using binary discrete out-
come models such as Logit or Probit [19, 29, 40]. For mul-
tiple discrete outcomes, multinomial discrete modeling 
approaches have been used to predict the different level 
of crash severity [38, 42]. Nested Logit approaches have 
been found in several studies that incorporate the corre-
lation of unobserved factors impacting the level of crash 
severity [41, 43]. However, the statistical approaches are 
based on pre-defined modeling techniques and assume 
a pre-determined nature of the relationship between the 
prediction and the explanatory variables. As a result, these 
modeling approaches may lead to significant inaccuracy in 
severity predictions when the usual assumptions are dis-
proved by the underlying pattern of relationship between 
the dependent variable and independent variables [1, 13].

Machine learning (ML) approaches have been consid-
ered a feasible alternative that deals with the traditional 
shortcomings of statistical approaches and can leverage 
the underlying relationship patterns to extract knowledge-
based information. In recent years, there have been many 
evolving pieces of research that implemented Artificial 
Neural Networks in crash severity analysis and prediction 
[3, 4, 17]. Decision tree algorithms have also been com-
mon approaches found in several kinds of literature [1, 14, 
35]. A group of researchers has also implemented Bayesian 
Networks (BN) approaches for crash severity modeling and 
reported that it is possible to reduce the set of explanatory 
variables without degrading the performance in BN-based 
approaches [36]. However, no major machine learning-
based weather-related crash prediction model has been 
developed to investigate crash severity in the places where 
adverse weather conditions (such as severe snowstorms, 
foggy weather, etc.) play a restrictive role in safe driving. 
Therefore, this study recognizes the necessity to bridge the 
gap by investigating the severity of crashes in Connecti-
cut, a state in the US where winter weather brings several 
factors in the roadway that adversely impact the ability of 

drivers to drive and interact in a safe and knowledgeable 
manner.

When it comes to implementing the ML approaches, 
there have been significant efforts in studying the crash 
severity using the popular machine learning algorithms. 
K-means clustering (KC) has been used in several studies 
for crash severity analysis and prediction [2, 37, 45]. Latent 
class clustering (LCC) is another popular data clustering 
technique that has been applied in some research stud-
ies to address heterogeneity in crash data [19, 21, 32]. A 
study has found that it cannot be generalized whether 
KC or LLC is a better performer in crash severity predic-
tion due to its performance variability based on the crash 
dataset under consideration [34]. For classification and 
regression analysis, support vector machines (SVM) and 
random forests (RF) are two common approaches used in 
machine learning. SVM has been reported as a better crash 
severity predicting method compared to ordered probit 
models [14, 33]. RF has been implemented in a few stud-
ies for crash severity prediction and has been asserted as 
a functional algorithm that provides satisfactory results 
[20, 24]. RF is a powerful and well established non-para-
metric ensemble classification and regression technique 
[7] which offers specific features that make it attractive and 
one of the most accurate learning algorithms for differ-
ent applications. Moreover, random forest runs efficiently 
on large datasets and can capture non-linear association 
patterns between predictors and response. To compare 
the RF model, we introduced another ensemble-based 
machine learning technique, Bayesian Additive Regression 
Trees (BART) [12] which is immensely popular in weather 
impact modeling, natural hazard, remote sensing, and rel-
evant application [8, 15, 27, 44]. Since few nonparametric 
techniques have so far been developed, we materialized 
two high-performance nonparametric machine learning 
techniques (RF and BART) to enhance the weather-related 
crash prediction model with binary outcomes. Moreover, 
these two techniques (RF and BART) have been success-
fully adapted to big data applications and may be suitable 
to overcome the limitations of the parametric techniques. 
This is the basic idea of choosing nonparametric ensem-
ble-based ML techniques over traditional parametric 
methods. Furthermore, this study addresses the need to 
identify the predictors that provide useful information in 
predicting crash severity.

Bhuiyan et al. [9–11] developed a machine learning-
based multisource data blending technique to evaluate 
the impact of weather variables on machine learning error 
modeling. In this study, the technique was extended for 
the evaluation of the predictive model for crash severity 
in Connecticut. The primary objectives of this research are 
to (1) identify the set of important explanatory variables in 
the crash dataset that can be used to predict severe and 
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non-severe crashes, and (2) develop two machine learn-
ing-based (RF and BART) models to predict the binary 
levels of crash severity. The remaining part of this paper 
is structured as follows: Sect. 2 includes the description 
of the crash dataset and the case study considered in this 
research. Section 3 describes the prediction models, vali-
dation methodology, and performance evaluation metrics. 
In Sect. 4, the evaluation results and sensitivity analysis 
of the case study are discussed briefly. Conclusions and 
recommendations are discussed in Sect. 5.

2  Study area and dataset

A case study was conducted to demonstrate the applica-
bility and feasibility of the proposed crash severity pre-
diction models. The crash information was extracted from 
the Connecticut Crash Data Repository (CTCDR) for 4 years 
(2015–2018). The dataset contains information about 
435,140 crashes that occurred in the state of Connecticut 
and were reported by the state and local Police officers. 
Each crash has been reported with the corresponding 
weather conditions along with the identification features, 
environmental conditions, site characteristics, vehicle 
information, and spatiotemporal attributes. According to 
the KABCO Injury Scale by Federal Highway Administration 
(FHWA) of the USA, 75.75% crashes in the dataset were 
categorized as “O” meaning that there were no signs of 
physical injury and only property damages were reported. 
The most severe injury category—“K” constitutes only 
0.25% of the total crashes. Though the percentage seems 
very trivial, the numerical entity somehow appears to be 
frightening. Almost 1082 casualties were reported over the 
4 years in the state of Connecticut leading to an alarm-
ing casualty rate of 22.5 casualties per month. The study 
considers several types of variables that are available in 
CTCDR datasets to predict crash severity such as tempo-
ral variables (month, day of the week, hour of the day), 
roadway characteristics (route class, type of intersection), 
environmental (weather condition, light condition, school 
bus related, work zone related), and crash related (manner 
of crash/collision impact, most severe injury).

For this study, the crash severity is classified into two 
categories using the afore-mentioned KABCO scale: severe 
injury (K and A) and non-severe injury (B, C, and O). The 
crash severity was considered as the response variable in 
this study, whereas 11 variables (manner of crash, weather 
condition, route class, hour of the day, type of intersection, 
light condition, road surface condition, month, work zone 
related, day of the work, school bus related) were used as 
the explanatory variable in the models. The spatial distri-
bution of these two categories shows that the locations 
of severe crashes are clustered in urban clusters in the 

state as illustrated in Fig. 1. However, non-severe crashes 
were reported almost uniformly in terms of their spatial 
distribution.

Most crashes were reported in local and state routes 
followed by interstate highways and US routes. In terms 
of the time of day, most non-severe crashes occurred dur-
ing the afternoon peak period (4 PM–5 PM) of the day fol-
lowed by the morning peak period (7 AM–8 AM) as shown 
in Fig. 2. However, the trend for severe crashes shows a 
different pattern with increasing occurrence during the 
later part of the day. An interesting finding in this illustra-
tion is that there are fewer crashes in Connecticut in 2018.

3  Methodology

In this analysis, we created a weather-related crash predic-
tion model using two machine learning (ML) algorithms—
RF and BART. The workflow for the framework used in this 
study is illustrated in Fig. 3.

3.1  Random forest (RF)

Random forest (RF) is one of the machine learning appli-
cations considered in this study for crash severity predic-
tion. RF is an ensemble-based learning method that can be 
used for classification or regression. The basic concept of RF 
technique is to construct multiple decision trees during the 
learning phase, and then combine the outputs from those 
decision trees to find out the class in case of classification or 
mean value of each decision tree in case of regression [25, 
26]. To learn the highly unusual patterns of the training data-
set, traditional decision trees can go deep resulting in very 
low bias and considerably high variance. The multiple deci-
sion trees in RF models are trained using different chunks of 
the same training dataset to eliminate this overfitting ten-
dency by lowering the variance [28]. The very first algorithm 
for RF is based on the random subspace method [25, 26]. The 
bootstrap aggregating approach is an extension of the ran-
dom subspace algorithm that constructs multiple decision 
trees in RF models with regulated variance [6, 7]. Given the 
set of predictors, X = X1, X2,… Xn with respective response 
variables Y = Y1, Y2,… Yn , the bootstrap bagging technique 
is used to repeatedly select a random training sample with 
replacement and generates tree ( fb ) for each repetition. 
Here, Y represents the crash severity as a response variable, 
whereas X  indicates 11 explanatory variables (manner of 
crash, weather condition, route class, hour of the day, type of 
intersection, light condition, road surface condition, month, 
work zone related, day of the work, school bus related) for 
the model in this study. When the training is complete after 
B repetitions, the prediction can be made on an unknown 
sample by calculating the average of predictions from all 
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Fig. 1  Locations of the severe and non-severe crashes in study area (Connecticut)
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trees generated during the training process in case of regres-
sion or simply taking the mode of prediction in terms of 
classification.

3.2  Bayesian additive regression trees (BART)

Bayesian additive regression trees (BART) modeling 
approach involves estimating non-parametric functions 
using regression trees [12]. BART model is constructed as a 
summation of the M number of regression trees that offer 
more flexibility compared to a single regression tree in fit-
ting complex variable interactions and non-linearities [30]. 
Given that there is M number of different regression trees, 
where a particular regression tree is denoted by T(X) with X 
being the set of explanatory variables, the BART model can 
be formulated as:

(1)Y = T1(X ) + T2(X ) + T3(X ) +… + TM(X ) + �(noise).

where Y  represents the crash severity as a response vari-
able for the BART model. The BART model is based on the 
Bayesian modeling approach with regularization and likeli-
hood estimation. Therefore, any individual tree cannot rule 
over the overall fit of the model. A detailed explanation of 
the BART model and its different components associated 
with this modeling approach can be found in Kapelner and 
Bleich [30]. BART can be configured for the classification 
problem with binary outcomes [16] and multiple classes 
as well [31]. In this analysis, the BART modeling technique 
is used for the same dataset as considered for RF models 
to compare the performance of these two ML techniques.

3.3  Cross‑validation experiment

In this analysis, to develop the crash prediction mod-
els, we used K-fold cross-validation experiment (details 
in [8]) for assessing the effectiveness of the machine 
learning algorithms. After establishing the best fea-
tures for the ML model, crash prediction probability was 

Fig. 2  Daily trend of severe 
and non-severe crashes for dif-
ferent years in Connecticut
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estimated. Initially, K-fold (K = 5) cross-validation tech-
nique was used to develop the model in RF and BART 
applications. To create the crash prediction model, ran-
dom holdout was applied five times over the study area. 
Specifically, for each holdout, dataset were split into 80% 
as training set and remaining 20% as validation set. We 
used “sample” function in R programming to shuffle the 
row indices of all the dataset to reorder the rows of the 
dataset randomly.

3.4  Accuracy estimates for model prediction

An accurate prediction of crash occurrence is repre-
sented by threat score, where the score of 1 specifies 
perfect prediction and calculated by the following 
equation:

Note that true positive (TP) is the occurrence of crashes 
correctly identified, and false positive (FP) is the occur-
rence of crash identified by model but not true, and false-
negative (FN) is undetected crashes.

The mean square error (MSE) is a statistical metric used 
to measure the magnitude of the random error and is 
defined as:

(2)Threat score =
TP

TP + FN

Here, yi is the observed crash, ŷi is estimated crash for the 
model, and n is the total number of data points used in the 
calculation. MSE ranges from 0 to positive infinity with 0 
indicating no random error. The importance of the predic-
tor variables depends on the magnitude of the percentage 
increase in mean square error (% IncMSE) of the model 
[7]. To estimate the % IncMSE, we devised the following 
formula:

where Δb indicates the MSE error metric of the model con-
sidering all predictors, and Δi represents the MSE error 
metric for the model excluding individual predictor.

4  Results

4.1  Sensitivity analysis

The predictor variables for RF technique were selected as 
“manner of crash”, “weather condition”, “route class”, “hour 
of the day”, “type of intersection”, “light condition”, “road 

(3)MSE =
1

n

n
∑

i=1

(

ŷi − yi
)2

(4)IncMSE =
Δb − Δi

Δi

Fig. 3  A schematic representa-
tion of framework
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surface condition”, “month”, “work zone related”, “day of the 
work”, and “school bus related”. The selection was based 
on past research [2, 5, 18, 20, 24, 45] examining the factors 
related to crash severity prediction. Sensitivity analysis is 
conducted by calculating the magnitude of the percent-
age increase in mean square error (%IncMSE) of the model 
[7] using Eq. (4), where higher values of %IncMSE indicate 
higher importance of that predictor variable. Results from 
the variable importance test for the predictor variables 
are presented in Fig. 4. Specifically, manner of crash, and 
weather condition were ranked as the most important pre-
dictors with higher values of  % IncMSE (65–75%), showing 
their strong impact in model prediction. From a practical 
point of view, the severity of crashes, in terms of both bod-
ily injury and property damage, depends mostly on the 
way the involved vehicles interact with each other or with 
the surrounding environment. For example, head-on col-
lision between two vehicles moving in opposite directions 
increases the chance of fatality compared to side-swipe 
and other less impactful encounters. The weather condi-
tion is another exogenous variable associated with the 
roadway environment that brings in greater uncertainty 

as it impacts drivers’ ability to safely maneuver the vehicles 
in the critical weather situation. Being a North England 
state, most weather-related crashes in Connecticut hap-
pen due to winter weather condition such as blizzards and 
heavy rain.

Route class, the hour of the day, intersection type, light, 
road surface condition, and month were also identified 
significant predictors with  % IncMSE 50-60%, indicating 
the high importance in model prediction. Practically, route 
class plays an important role in determining crash severity, 
as the route class is defined based on the lane configura-
tion, maximum allowable speed limit, type of access con-
trol, and surrounding land use. For example, chances of 
head-on collisions are higher in undivided highways com-
pared to divided highways and having multiple lanes also 
increases the scope of interaction between vehicles lead-
ing to a higher possibility of crashes. Moreover, the hour of 
the day is the subsequent variable of importance, and the 
exploratory analysis of the crash dataset shows that severe 
accidents mostly happen during the afternoon peak hours 
(Fig. 2). The plausible reason behind this trend can be the 
fact that most drivers get exhausted in their work and this 

Fig. 4  Variable importance 
plot, where % IncMSE is the 
percentage increase in mean 
square error
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tiredness results in reduced attention to driving and sur-
rounding environment after work hours leading to more 
fatal crashes. Type of intersections is also a similar deter-
minant of crash severity as there may arise confusion and 
misunderstanding among the drivers of involved vehicles 
due to increased points of conflict and poor judgments 
of drivers. Light and road surface conditions are equally 
important variables as these may impact the ability of driv-
ers to control their vehicles and appropriately interact with 
the road environment.

Moreover, the other predictors (month, work zone, day 
of the work, and the presence of school buses) have lower 
but satisfactory % IncMSE magnitude (5–30%) which also 
confirms the relative importance of those variables in the 
model prediction. Most severe crashes happen during the 
winter months due to frequent adverse weather condi-
tions and also in summer due to the high volume of traf-
fic increasing the possibility of frequent interaction in the 
road environment. In the work zone and around the school 
bus, drivers usually become more cautious and tend to fol-
low the traffic rules due to severe penalties associated with 
the offenses made by the drivers, resulting in a lower pos-
sibility of crashes. Lastly, the day of the work also shows 
marginal importance of crash severity prediction, since 
this variable does not directly affect the driving capabil-
ity (e.g., people do not drive differently in different days 
of the week) and exogenous factors associated with the 
roadway environment. Finally, the study considered all the 
11 predictor variables to predict the crash severity level.

4.2  Evaluation results

As it is illustrated in Fig. 5, the predicted probabilities 
obtained from the RF model show a promising trend 
with very high probabilities for a high number of events. 
Most events have prediction probabilities greater than 
50% which indicates that the performance of RF models 
is reliable and satisfactory. In the case of BART, the trend 
is somehow not as good as the RF models. The prediction 
probabilities of almost all events are less than 50% which 
makes it a weaker competitor of the RF model as shown 

in Fig. 6. Also, there are a lot of events where BART fails to 
predict the severity of crashes with a reasonable degree of 
probabilities. When the prediction probabilities obtained 
from RF and BART models are compared with each other, 
a perfect y = x relationship should be observed as the 
models should calculate the same degree of prediction 
probabilities to be comparable with each other. However, 
as shown in Fig. 7, the slope of the regression between RF 
versus BART is found to be almost 1.7, which also indicates 
that RF model calculates higher prediction probabilities for 
most crashes compared to those of BART. The R2 value is 
also very low indicating that the prediction probabilities 
of the BART model fit very loosely with those of RF models.  

Figure 8 explains further how the RF model outperforms 
BART models in predicting crash severity with higher prob-
abilities. The median of predicted probabilities of the RF 

Fig. 5  Prediction probabilities using RF model

Fig. 6  Prediction probabilities using BART model

Fig. 7  Comparison of prediction probabilities obtained from RF 
and BART 
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model is incredibly higher than that of BART models. One 
interesting observation in Fig. 8 is that the interquartile 
ranges do not overlap with each other being the case 
the 25th percentile prediction probability of RF models 
is higher than the 75th percentile prediction probabilities 
of the BART model. Therefore, it can be concluded that 
RF model is more reliable to predict crash severity com-
pared to BART model. Moreover, to demonstrate the per-
formance of the individual models, the skill score is used 
in this study to examine how closely the model predicted 
crash that matches the observation data. BART and RF 
models estimate the probability of crash occurrence for 
both training and validation (Table 1). An accurate pre-
diction is represented by the metric value close to 1. Dur-
ing the training of the RF model, the skill score was 0.785 
which is higher than the BART produced skill score of 0.67. 
Similarly, during the validation, we found a promising per-
formance of RF models by exhibiting a higher skill score 
(0.73) than BART (0.61). 

5  Discussion and conclusions

The predictability of crash from machine learning mod-
els exhibits considerable variation in pattern and magni-
tude, which results in significant differences in these two 
model simulations. Results presented in this paper dem-
onstrated that the magnitude and dynamics of uncer-
tainty in crash severity depend not only on the weather 
condition but also on the other crash associated auxiliary 

variables. Knowledge-based crash severity prediction has 
always been the principal focus of safety professionals and 
emergency responders for appropriate policy making and 
resource management. Over the years, different statisti-
cal methodologies have been explored in various research 
efforts to find out efficient crash severity prediction mod-
els. As technology is advancing and computing has started 
becoming more efficient, machine learning-based mod-
els for crash severity are being brought into the light for 
more accurate prediction models. However, some machine 
learning methodologies provide increased efficiency and 
better performance compared to others.

To explore different machine learning methodologies 
for crash severity prediction, this study considered two 
machine learning applications—RF and BART for perfor-
mance comparison. The study found that RF model consid-
ering weather conditions have higher prediction probabili-
ties for determining crash severity compare to BART model 
predictions. Various analyses of prediction probabilities 
provided useful insights into the models’ capability to gen-
erate predictions that are consistent with observed data. 
A variable importance approach confirms that manner of 
crash and weather conditions are two major variables that 
can feed useful information in the modeling estimation 
process. The study finds that stakeholders can use the RF 
model with confidence to obtain a better prediction of 
crash severity that enable them to facilitate appropriate 
emergency responses and support essential preventive 
measures. Further exploration can be useful to compare 
more machine learning modeling approaches that might 
have better performance and efficiency. It might also 
be reasonable to compare their results with statistical 
approaches to compile a comprehensive comparison, so 
the stakeholder can make knowledgeable decisions for 
their operational strategies.
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