JTE, Vol. 13, No. 1, Summer 2025, pp. 2039-2054
Research Paper

How Threshold-Moving Technique May Change the
Performance of Different Machine Learning Models in
Crash Severity Prediction Problems

Alireza Mahpour*!, Mostafa Shafaati*, Mahmoud Saffarzadeh?

Received: 2023/09/24 Accepted: 2024/12/21

Abstract

To predict crash severity using Machine Learning (ML) models, dealing with imbalanced classification problems
could be inevitable. Threshold-moving can address such problems. Based on a review of the literature, this
technique seems to be underutilized. Also, the issue of comparing the performance of different machine learning
models in the prediction of crash severity seems to be an open one. Thus, this research focuses on comparing the
performance of Random Forest (RF), Logistic Regression (LR) and Naive Bayes (NB) models by analyzing the
trade-off between accuracy and recall for the minority class (both measures change as a result of thresholding).
The minority class in our problem is fatal and serious injuries crashes. We use a state-wide crash database from
California which contains 143310 records in order to address this issue. Various thresholds are used in the
comparison, which are determined by Receiver Operating Characteristic Curves (ROC) and Precision-Recall
Curves. There are three thresholds chosen for this study: 0.05, 0.10, and 0.15. Based on the results, the LR with a
threshold of 0.1, the RF with 250 trees and the Bernoulli Naive Bayes (BNB) with a threshold of 0.05 are the best
models. In addition, LR outperforms the rest of these three models. After threshold moving is employed, even
simple models such as the LR can outperform more complicated ones like the RF in this paper, contradicting
several previous studies in which the RF is found to be the best model.
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1. Introduction

Road crashes result in the deaths of about 1.35
million people and severe injuries for 50 million
people each year (WHO, 2018). Therefore,
reducing crash severity is a global goal (Islam
et al., 2023) Data analysis using statistical and
Machine Learning (ML) models has been used
extensively to attain this goal. It has been
commonly considered valuable to analyze crash
data with statistic models in the past decades
(Eluru et al., 2008; Mannering et al., 2016;
Vajari et al., 2020; Liu, 2022; Ahmed et al.,
2023; Kabli et al., 2023; Feknssa et al., 2023).
However, such techniques are limited by the
reliance on significant statistical assumptions.
In contrast, for building ML models, there is no
need to make statistical assumptions before
modeling (Santos et al., 2022). Hence, the use
of ML models for crash prediction has gained a
great deal of attention over the past few years
(Tayarani Yousefabadi et al., 2020).

In analyzing crash severity, dealing with highly
imbalanced data could be unavoidable (Jeong et
al., 2018; Fiorentini and Losa, 2020). The
simple, yet often overlooked method for
addressing this issue is threshold-moving (Zhou
et al., 2005; He et al., 2013; Fernandez et al.,
2016). In addition, multiclass classification
problems can be converted into multiple binary-
class classifications, and threshold-moving can
be used to solve such classification problems.
The number of binary classifications will be n-
1 if the problem has n classes. According to
(Satnos et al., 2022) only a few studies have
compared different ML models for predicting
crash severity. Literature review will address
most of these studies. Therefore, one of the
objectives of this research is to provide insights
into the potential differences between various
classification models using threshold-moving.
We emphasize that unlike (Amiri et al., 2020)
in which ML models are compared to predict
crash frequency, our paper will focus on
predicting crash severity using ML models (e,g,
Mahpour et al., 2022; Mahpour et al., 2023).
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This study utilizes crash data from California
for 2012 (Nujjetty et al., 2014). In total, there
are 143310 observations in the dataset. The
models included in this paper are Logistic
Regression, Random Forest (RF) Model, and
Nave Bayes (NB) Model.

The rest of the paper is as follows: Literature
Review, Methodology, Results and
Discussions, Study Limitations, Future Studies,
and References.

2. Literature Review

There is a wide use of machine learning models
in the prediction and analysis of crash severity
(e.g. Haery, et a., 2024; Mahpour and Shafaati,
2024; Tselentis et al., 2023). A comparison
between Decision Tree (DT), Nearest Neighbor
(NB), and K-Nearest Neighbor (K-NN)
classifiers in Ethiopia demonstrated that the
KNN outperforms the others (Beshah and Hill,
2020). Among RF, Naive Bayes, AdaBoost,
PART Rule, and DT, RF is the best
(Krishnaveni and Hemalatha, 2011). It is shown
by (Singh et al., 2018) that RF outperforms DT
and multinomial logit.

(Wang and Kim, 2019) compares RF and
Multinomial Logit models. The researchers
concluded that the RF outperforms Multinomial
Logit. The data used in this study consists of
imbalanced data with three classes in which
fatal crashes represent only 0.47% of all
observations. According to (Wahab et al,,
2019), RF, J48 DeT, Instance-based learning,
and multinomial logit are all useful for
predicting the severity of motorcycle crashes in
Ghana. Results show that RF outperformed the
others in accuracy. Gan et al. (2020) uses
Multinomial Logit and RF to predict crash
severity in highways with and without traffic
hazards. The RF appears to be the most accurate
model. According to Umer et al. (2020), the RF
proved to be the most effective model after
trying several different models. According to
Chen et al., (2016) the RF outperforms the LR
and Regression Tree in performance. A study
by Al-Mogri et al., (2020) investigates the
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performance of six machine learning models,
including the RF. In addition to these models,
Multinomial LR, BNB, DT, RF, SVM, and
multilayer perceptron are also used. In this case,
the RF is the most accurate. Lee et al., (2019)
finds that RF is more effective than artificial
neural networks and deep neural networks.
Bokaba et al., (2022) compares K-NNs with
LRs, NBs, AdaBoosts, SVMs and RFs. Five
evaluation metrics were used to determine the
RF's performance. Yang et al., (2023) finds that
RF outperforms SVM and two types of neural
networks in prediction accuracy. After
comparing DT, K-NN, and NB, Beshah et al.,
(2013) finds that K-NN outperformes the
others. To deal with imbalanced dataset,
Fiorentini et al., (2020) uses Random Under
Sampling the Majority Class (RUMC) and then
the RF, K-NN, and LR. It is found that the true
positive rate for the minority class (which
consisted of fatal crashes and injury crashes) is
the best in K-NN. For predicting the crash
severity involving Wheeled Motorized
Rickshaw in Pakistan, (ljaz et al., 2021) finds
that among Decision Jungle (DJ), RF, and DT,
DJ is the best with its overall accuracy being
83.7 %. (Azhar et al., 2022) compares DT and
RF for crashes in which heavy vehicles are
involved. It is found that “the RF classifier
achieved slightly better accuracy”. Chakraborty
etal. (2021) finds that for the rarest class of their
data, the Deep Neural Net Classifier
outperforms the RF. The RF model has
consistently outperformed other models in
various studies and according to Santos et al.
(2020); “...the latter (RF) being, at this point,
the most promising machine learning algorithm
to develop road traffic crash injury severity
prediction models”. Therefore, this paper will
primarily focus on the RF model. According to
the studies reviewed in this section, it seems that
threshold-moving has been overlooked when
dealing with severity prediction problems.
Another issue is that according to (Santos et al.,
2020) more studies are needed concerning
comparative studies. Therefore, it seems that

launching a research in which both threshold-
moving and comparing are the main focuses, is
necessary. Hence, this paper will focus on not
only comparing the RF to other ML models but
also investigating the effects of moving
thresholds and changing hyper-parameters such
as the number of trees in the RF model. For
comparison purposes, we have chosen Logit
and Naive Bayes because both of them are
simple, easy and fast algorithms which make
them preferable models for researchers and
practitioners. Also, these models have been
used in several studies (AlMamlook et al., 2019;
Jeong et al, 2018) and some of above-
mentioned studies. These two models will be
executed at different thresholds too. Overall,
considering the reviewed studies and the
introduction section, this paper will seek
answers to two important questions:
e Does RF remain the most powerful model
after using the threshold-moving technique?
o If the first question is answered in the
affirmative, then why? The second question
should still be asked if the first question is
answered negatively.

3. Data Description

A Dbrief description of the machine learning
classification algorithms used in this research is
provided in this section. Machine learning
classifiers are supervised training algorithms
used in classifying datasets that can produce
promising results due to their multi-
dimensional data processing capability,
flexibility in implementation, versatility, and
superior  predictive  capabilities.  Three
algorithms, including Logistic Regression (LR),
Naive Bayes (NB), and Random Forest (RF) are
implemented in this research, using Python
analytic platform. The detailed methodology is
further discussed in the following paragraphs.
3.1. Logistic Regression Classification
The LR function is commonly used in logistic
classification for classifying data. The LR
model output is a probability, and it can be used
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as a classifier by defining a cut-off point
(Mamdoohi, et al., 2016).

3.2. Ensemble Learning
Ensemble learning is an ML technique that
combines multiple individual models to
improve the overall performance of a prediction
task. The individual models in an ensemble can
be different types of models, such as DT, neural
networks, or SVM. The most common approach
in ensemble learning is to use a voting
mechanism to combine the predictions of the
individual models (Ryu et al., 2010).

3.3. Decision Tree Learning
It is a supervised learning approach which is
mostly used as a predictive model. This model
is literally a tree with leaves and branches
representing class labels and conjunctions of
features that make the class labels appear
(Studer et al., 2018).

3.4. Random Forest
RF model consists of a lot of trees. Therefore, it
is an ensemble learning method. This model
usually works based on voting concept. It
means that every single tree has a prediction, the
model counts all predictions and choses the
prediction with the biggest number of trees
supporting it, as the final outcome (Mahpour
and Kazemi Naeini, 2021).

3.5. Naive Bayes
This model is based on Bayes theorem in which,
the probability of an event can be obtained
based on conditions that may be increasing the
likelihood of occurring that event (Zhang,

2004). NB algorithms, naively assume that
there is a conditional independence between
each two features, given the class of a particular
observation (Zhang, 2004). If the class variable
is y and features are x; then (Murty et al., 2011);

P(ylxq, ... xp)

«Po) | [Pealn ™55 o
i=1

n

= argmax P(y) np(xib’)
i=1

If features’ likelihood is assumed to be
Gaussian, then the type of NB will be Gaussian.
Another NB method used in this paper is
Bernoulli Naive Bayes (BNB). This model
works well especially when the features are
binaries (Schiitze et al., 2008; Metsis et al.,
2006).
3.6. Evaluation Metrics

In this paper, because of the goals of the
research, Precision, Recall or True Positive
Rate (TPR), False Positive Rate (FPR), True
Positive, False Positive, and Accuracy are used
as evaluation metrics. Also, we introduce a new
evaluation measure as well. In the following
paragraphs, those evaluation metrics are
explained. As shown in table 1, For
classification problems, and in the case of this
research, there is a matrix called the confusion
matrix which is made up of four possible
scenarios: True Positive (TP), True Negative
(TN), False Positive (FP), and False Negatives
(FN)

Table 1. Four possible scenarios in the models

ACtuaIPredlcted Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)
Considering table 1, the evaluation metrics Precision = TP @)
needed for this research can be calculated using TP+ FN
equation 2 to 5: FPR = FP (5)
TP+ TN FP+TN
Accuracy = mo e T RN 2) Also for the purpose of this research, we
introduce a measure which is called ¢ in this
Recall (TPR) = 3)

TP+ FN
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)
_ {1 if (R1> RO and (R1 —R0) < 0.2
0

(6)

otherwise

where:
R1 = Recall for class 1 (Positive Class), RO =
Recall for class 0 (Negative Class)

3.7. Data Preprocessing
The data used in this research does not suffer
from missing values, except for some variables
such as “Gender”. To address this problem, the
missing observations are filled by the most
frequent cases. Filling missing values by mode
is a common solution (Kuhn and Johnson,
2013). There are 9320 observations with
missing “Gender”. It is true that removing the
observations with missing values is a solution
too, but doing so, will result in a relatively high
loss of information (in this case, 6 percent of all
observations have missing values in the variable
“Gender”). Here, the most frequent one is
‘male’, thus the empty cells are filled by ‘male’.
However, for some variables, the number of
missing values are too high that we have to
remove the variable completely. Only two
variables in the dataset has this problem:
Weather 2 and Contrib2. For Contrib2, the
number of missing observations were 139422
and for Weather2, the number of missing
observations are 137294.
The dataset suffers heavily from outliers. in
order to address the problem of outliers, the
guantile method is employed. Subsequently, the
skewness of the continuous variables was
assessed to ensure that they fell within the range
of -1 to +1. It is worth noting that deleting the
observations with outliers could be an option.
However, deleting them would have caused a
great loss of information. For example, for the
variable “MEDWID” which represents median
width, even if the upper quantile is assumed to
be 0.85 and the lower, 0.15, the number of

outliers would be 21902 which accounts for 15
percent of all observations. It couldn’t be
reasonable to remove at least 15 percent of our
observations because of the outliers of one
variable. Hence, replacing the outliers would be
a better choice. After replacing the outliers by
upper and lower quantiles, the continuous
variables are normalized, and the categorical
variables are converted into dummies. To
choose the most important variables, a feature
selection analysis is launched using an RF
model. Considering the goal of this research, a
binary imbalanced classification problem
should be solved. These two classes are 1
(killed, severe injury, and other visible injury),
and 0 (complaint of pain, and non-injury crash).
The total number of observations is 143310. It
should be noted that merging two or more
classes to achieve a better analysis and results
has been done in other studies too (Chen et al.,
2016; Iranitalab and Khattak, 2017; Li et al.,
2012; Tang et al., 2019; Fiorentini et al., 2020).
The data is split into train (60 %) and test (40
%) sets randomly. Table 2 demonstrates the size
of train and test sets for each class.

Table 2. Train and Test Set

Set Class N Percent
Train 1 10954 12.739
0 75031 87.261
Test 1 7303 12.739
0 50021 87.261

3.8. Models’ Features

For selecting the most influential variables, a
feature selection analysis is carried out, using an
RF. The feature selection analysis resulted in
the variables defined in table 3. It should be
noted that to summarize the article, we have
avoided introducing all variables but only the
feature-selected ones.

International Journal of Transportation Engineering,

2043

Vol. 13/ No. 1/ (49) Summer 2025



Alireza Mahpour, Mostafa Shafaati, Mahmoud Saffarzadeh

Table 3. Variables and Their Definitions

Variable Definition Mean Min Max
MILEPOST Reference point where the crash occurred 20.04 0 186
LANEWID Calculated average lane width of the roadway segment 40.97 3 89
SEG_LNG Section length in miles. 0.18 0 6.43
MEDWID Median width (in feet). 32.67 0 99

AADT Calculated average AADT 111947 0 354772
LSHLDWID Width of left shoulder of the roadway segment 4.82 0 26
PAV_WDL Width of left paved shoulder of the roadway segment 4.53 0 26
SURF_WID Width of traveled way of the roadway segment 37.12 0 83
RSHLDWID Right shoulder width. 7.05 0 20
PAV_WIDR Width of right paved shoulder of the roadway segment 6.80 0 20
DRV_AGE The age of the driver of the vehicle involved in the crash. 117.41 0 998
CAUSEL 1 Primary collision factor of the crash (Under Influence of 0.07 0 1

- Alcohol)
CAUSE1_4 Primary collision factor of the crash (Improper Turn) 0.17 0 1
CAUSE1 5 Primary collision factor of the crash (Speeding) 0.47 0 1
CAUSEL 6 Primary collision factor of the crash (Other Violations 0.20 0 1
- (Hazardous))
ACCTYPE_B Type of accident that occurred (Sideswipe) 0.18 0 1
ACCTYPE_C Type of accident that occurred (Rear End) 0.48 0 1
ACCTYPE_E Type of accident that occurred (Hit Object) 0.20 0 1
ACCTYPE_F Type of accident that occurred (Overturned) 0.04 0 1
ACCTYPE_G Type of accident that occurred (Auto-Pedestrian) 0.01 0 1
POP_GRP_5 Population group. Incorporated (50000 To 100000) 0.16 0 1
POP_GRP_6 Population group. Incorporated (100000 To 250000) 0.17 0 1
POP_GRP_7 Population group. Incorporated (Greater Than 250000) 0.27 0 1
POP_GRP_9 Population group. Unincorporated (Rural) 0.27 0 1
WEATHER1_A Weather conditions when the crash occurred. Clear 0.80 0 1
WEATHER1 B Weather conditions when the crash occurred. Cloudy 0.16 0 1
LIGHT A The type/level of light that exi.sted at the time of the crash. 0.69 0 1
- Daylight
The type/level of light that existed at the time of the crash.
LIGHT_C Dark - Street Lights 0.15 0 1
The type/level of light that existed at the time of the crash.

LIGHT_D Dark - No Street Lights 0.12 0 1
NUMVEHS 1 Total number of vehicles involved in the crash (1 vehicle) 0.23 0 1
NUMVEHS 2 Total number of vehicles involved in the crash (2 vehicles) 0.60 0 1
DRV_SEX_F Driver gender (Female) 0.34 0 1
CONTRIBL A Violation or factor contribl_Jting_ to the crash. Vehicle Code 0.10 0 1

- Violation
CONTRIB1_N Violation or factor contributing to the crash. None Apparent 0.74 0 1

3.9. Selecting Thresholds
Two techniques are employed in this research in
order to estimate primary thresholds. The first
method uses a ROC curve and the other uses a
precision-recall curve. There is a diagnostic plot

known as an ROC curve that evaluates a set of
International Journal of Transportation Engineering,
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probability predictions made by a model on a
test dataset (Fawcett, 2004). Various thresholds
are used to interpret the TPR and FPR of
predictions on the positive (minority) class, and
the scores are plotted in a line of increasing
thresholds. This graph shows the FPR on the x-
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axis and the TPR on the y-axis. It is this plot that
is known as a Receiver Operating Characteristic
(ROC) curve. From bottom-left to top-right,
there is a diagonal line that indicates a model
that has no skill (predicts the majority class in
every case), and at the top left there is a point
that indicates a model that has perfect skills. As
a diagnostic tool, the ROC curve can be used to
assess the trade-off between different
thresholds. According to the ROC curve, 0.11 is
the optimal threshold. Fig. 1 illustrates our ROC
curve and the location of the best point in our
data.
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Figure 1. ROC curve for calculating the primary
threshold

Precision-recall curves, on the other hand, focus
on the performance of a classifier only on the
positive (minority class) data (Fernandez et al.,
2018). For probability predictions, precision-
recall curves are calculated by creating crisp
class labels and calculating precision and recall
for each threshold. Using a line plot with recall
on the x-axis and precision on the y-axis, the
thresholds are arranged in ascending order.
There is a horizontal line representing a no-skill
model, whose precision is the ratio of positive
examples in the dataset (for example, TP / (TP
+ TN)). There is a dot in the upper right corner
of the perfect skill classifier indicating its full
precision and recall. In Figure 2, we show the
precision-recall curve for our data. This curve
determined that 0.17 was the best threshold.

10 -== Mo Skill
Logistic
@ Best
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@
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=

Precision

=]
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Recall

Figure 2. Precision-Recall curve for calculating
the primary threshold

ROC curves and precision-recall curves suggest
that the best threshold should fall between 0.11
and 0.17 (e.g. Mamdoohi et al., 2013; Mahpour
et al., 2020). It is possible that 0.15 would be a
suitable threshold, but the objective in this
research is to construct a model in which the
measure of § is 1. This objective may not be
achieved by choosing 0.15 as the threshold.
Consequently, we have also experimented with
smaller thresholds. Due to this, three thresholds
are used in this research, including 0.15, 0.10,
and 0.05.

4. Results and Discussions

4.1. Logit Model Results
A threshold can be determined in several
different ways, each of which optimizes a
different aspect of the ML models. To begin
with, we need to determine which of two classes
iS most important to us. The prediction of the
harshest consequences (fatalities and severe
injuries) appears more important when it comes
to crash severity prediction (e.g. Ahadi et al.,
2018). The severity of these injuries is classified
as class 1. Our goal in this paper is to maximize
"Recall" for class 1 in this study. Following the
construction of each model, its performance is
evaluated using three different thresholds: 0.05,
0.10, and 0.15. The evaluation metrics and
confusion matrices for all models are presented
in table 5 and table 6. According to table 6, as
the threshold decreases, the number of TPs
increases dramatically, resulting in lower
"Recall" values. The cost of this success,
however, is a reduction in accuracy and an
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increase in FP. Using a threshold of 0.05, the FP
is almost three times larger than the TN, which
is not desirable. Even though making accurate
predictions for Class 1 observations is
imperative, what is the point of modeling if we
incorrectly predict a large number of Class 0
observations to belong to Class 1? When all
observations are regarded as class 1, a perfect
Recall can be achieved. As a result, it is not
desirable to set the threshold at 0.05. It is better
to have FP not exceed TN, therefore, as shown
in table 5, the threshold for logit should be
greater than 0.05 and less than 0.1. Figure 3
illustrates the results of the confusion matrix.
Figure 3, table 5, and table 6 indicate that a good
scenario occurs when "Recalls" of both models
are close to each other, with the "Recall" of
class 1 (positive class) being slightly greater
than that of class 0. This is why we have
introduced the concept of "d" as a new measure.
Based on the goals of this research, a model
with & of 1 will be considered appropriate. Thus,
the model appears to provide a better balance
between the costs of having too many false
positives and the necessity of increasing true
positives. In addition, from another point of
view, the TP should be larger than the FP in a
good model. In general, the greater the
difference between TP and FP, the better the
model. Table 6 allows comparison of these two
measures. There is also a visual comparison
between these two measures in Figure 3.

4.2. GNB and BNB Model Results
Tables 5 and 6 present the results of both GNB
and BNB. Figure 3 also illustrates a visual
comparison of TP and FP for both models with
different thresholds. By comparing GNB and
BNB results with those of logit, it becomes
evident that GNB’s best scenario for class 1 is
less desirable than that of LR’s. This implies
that, in the case of GNB with different
thresholds compared with logit, the LR is
preferred. Moreover, according to table 5, none
of the GNB models presented in this paper have
a “d” equal to 1, indicating that this model did
not meet our expectations. As shown in table 7,
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in a model with a threshold of 0.05, RO and R1
are close in value. It means that a GNB model
with a 6 of 1 can be built by modifying the
threshold value. The biggest TP for GNB is
smaller than that of Logit, however their FPs are
almost the same. This is shown in table 6 and
figure 3. In the case of BNB, the situation is
somewhat different. When the threshold is set at
0.05, class 1 has a higher “recall” than class 0.
Additionally, ¢ is 1 for this model. As can be
seen in Figure 1, BNB with a threshold of 0.05
is somewhat similar to the LR model with a
threshold of 0.1. Based on these results, BNB
and LR perform better than the other two
models so far.
4.3. RF Model Results

Several RF models with different number of
trees and different threshold values are built, but
only the best model is presented in tables 4 and
5. The remaining RFs are presented in table 6.
Similarly, to other models, both tables indicate
that the variation of threshold is an important
factor in determining and increasing recall for
RFs. It is expected that when the number of
trees is similar, models with lower thresholds
will perform better as far as maximizing TP is
concerned. There is, however, a trade-off to
consider, since increasing TP costs increasing
FP.

The relationship between the number of trees
and the TP is neither direct nor indirect, as
shown in table 6. There can be no guarantee of
improved performance when the number of
trees exceeds or falls below a certain number.
Also, a large number of trees will not
necessarily improve performance. Therefore, it
may not be beneficial to use a large number of
trees in the forest since it will consume a great
deal of memory. In other words, an increase in
the number of trees is not an efficient solution.
As an additional note, all models in table 6 have
a "56" of 0. As a result, we have removed the
column representing "6" from the table. Tables
5 and 6 indicate the best outcome that is
achieved when the threshold is equal to 0.1, and
the number of trees is equal to 250. Taking into
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account table 6 and figure 3, the FP is relatively
small (not the smallest), while at the same time,
the TP is one of the highest.

Table 4. Evaluating the performance of the LR model with three different thresholds

Model Threshold RO R1 A PO P1 b
0.05 0.213 0.94 0.306 0.961 0.149 0
Logit 0.10 0.645 0.731 0.656 0.943 0.231 1
0.15 0.778 0.592 0.755 0.929 0.281 0
0.05 0.701 0.647 0.694 0.931 0.240 0
GNB 0.10 0.736 0.604 0.719 0.927 0.250 0
0.15 0.753 0.579 0.731 0.925 0.255 0
0.05 0.628 0.711 0.639 0.937 0.218 1
BNB 0.10 0.714 0.619 0.702 0.928 0.240 0
0.15 0.749 0.574 0.726 0.923 0.250 0
0.05 0.441 0.835 0.491 0.948 0.179 0
RF2s0 0.10 0.607 0.717 0.621 0.939 0.210 1
0.15 0.723 0.603 0.709 0.926 0.242 0

RO: Recall for class 0, R1: Recall for class 1, A: Accuracy, PO: Precision for class 0, P1: Precision for class 1,
d: It takes 1 if R1>R0 and R1-R0<0.2

Table 5. Confusion matrices for the LR model

Model hreshold 0.15 0.10 0.05
Class 0 1 0 1 0 1

ot 0 38695 11326 32286 17735 39353 10668
g 1 2951 4352 1964 5339 435 6368
ONE 0 37680 12341 36308 13213 35050 14971
1 3075 4228 2894 4409 2578 4725
BNE 0 37444 12577 35739 14282 31407 18614
1 3103 4200 2784 4519 2108 5195
. 0 36242 13779 30369 19652 22059 27962
20 1 2897 4406 2066 5237 1208 6095
®0.15 m0.1 =0.05
0 0 o
o © ©
3 o 28 = & 2=
> N > o < ™
w3 Rk - <~
= - Y o o)) o
™ o = ™
| II 3% Il & I £
L
2 il 1 1 1
g TP Fp TP Fp TP Fp TP Fp
LOGIT GNB BNB RF250

ML MODELS
Figure 3. A visual comparison between TP and FP for each model
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Table 6. Evaluating the performance of the RF models with different number of trees and different

thresholds
No of Trees Threshold RO R1 A PO P1
10 0.03 0.501 0.759 0.534 0.934 0.182
20 0.03 0.374 0.854 0.435 0.946 0.166
30 0.03 0.308 0.895 0.383 0.953 0.159
32 0.03 0.296 0.901 0.373 0.953 0.157
33 0.03 0.292 0.903 0.37 0.954 0.157
34 0.03 0.432 0.829 0.482 0.945 0.176
40 0.03 0.399 0.848 0.456 0.947 0.171
250 0.03 0.341 0.888 0.411 0.954 0.164
450 0.03 0.337 0.892 0.408 0.955 0.164
500 0.03 0.333 0.894 0.404 0.956 0.164
600 0.03 0.333 0.893 0.405 0.955 0.164
250 0.05 0.441 0.835 0.491 0.948 0.179
250 0.15 0.723 0.603 0.709 0.926 0.242

In accordance with this research, models where
R1 exceeds RO are the best, but the difference
between them should not be too large, because
if we increase the number of false positives
recklessly, our work will be completely
pointless. Thus, it is important to determine an
approximate threshold for the difference
between RO and R1. Therefore, we define "6" as
a measure that takes into account this important

point. This measure takes a 0 or a 1. When the
difference between R1

and RO is positive and less than 0.2, it takes 1,
otherwise, it takes 0. Therefore, the best models
are those whose 6 is 1. The value 0.2 for "&"
should be considered as an estimate only. It
could be the subject of a new paper to determine
the best value for this proposed measure. In
Table 7, the best ML models are presented.

Table 7. The best models based on the logic of this research

Model Threshold RO A PO P1 b
LR 0.10 0.645 0.731 0.656 0.943 0.231 1
BNB 0.05 0.628 0.711 0.639 0.937 0.218 1

RF250 0.10 0.607 0.717 0.621 0.936 0.210 1

A comparison of the other metrics reveals that
Logistic Regression (LR) outperforms the other
two good models. While most of the studies
discussed in section 2 found the RF to be the
best model, in this paper the LR with a threshold
of 0.10 is found to be the most effective.
However, it is important not to jump to
conclusions regarding the superiority of LR
over RF. Due to the fact that only three
thresholds were tested in this study, we may
have obtained different results if other
thresholds had been tested, such as 0.02 or 0.7
or etc. Using the simple threshold-moving
technique for binary classification problems, it
is highly likely that different models will have
similar performances when thresholds are set at

International Journal of Transportation Engineering,

Vol. 13/ No. 1/ (49) Summer 2025

2048

different values. As a consequence, more work
is required concerning the different aspects of
threshold-moving techniques.

5. Conclusion

The purpose of this study was to compare the
performance of three Machine Learning (ML)
models, namely Logistic Regression (LR),
Random Forest (RF), and Naive Bayes (NB), in
predicting crash severity levels using threshold-
moving. RF method was used for feature
selection after preprocessing. As a result, the
severity levels were reduced to two, simplifying
the classification task to a binary one. In order
to determine the first thresholds, precision-
recall and true positive/false positive rates were
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considered. Using threshold-moving, the highly
imbalanced nature of the classification problem
was addressed. The majority of observations in
our dataset belong to class 2, with only 12
percent belonging to class 1. This study
demonstrates that class 1 is both a minority
class and is of greater importance than class 0.
As a result, even at the expense of an increase
in the number of FPs in the confusion matrix, an
increase in TPs and a decrease in FNs are
desirable. As a result of this preference, the
accuracy of the model could be decreased.
Therefore, having a high accuracy value might
not be beneficial in this situation. A high degree
of accuracy would be achieved by simply
placing all observations into class 0, which
would result in an accuracy of up to 88 percent.

It is therefore inappropriate to rely on accuracy
in such a situation, since the measure of
accuracy is totally problematic in this case.

In the case of problems such as this one, there
is, however, a question that may be asked:
"What is the true strategy?"? There is no doubt
that focusing solely on increasing TPs without
regard to diminishing FPs is not acceptable, as
this will render the process of building models
entirely pointless. Therefore, TP must be
increased as much as possible, while FP must
be decreased as much as possible. Therefore,
the efforts may be directed toward obtaining an
optimum threshold value in order to achieve the
purpose of this paper. As a result, this study
developed a strategy in which the first focus is
on increasing the value of R1 (Recall for class
1) in a way that R1 is greater than RO at the end
and that the difference between R1 and RO does
not exceed a certain point. In this case, the
measure "§" is applicable. For models that meet
these two conditions, "5" will be 1, while for
those that do not meet these conditions, it will
be 0. Among the different models, the ones with
a"0" value of 1 are preferred.

In this study, two types of NB models were
used: Gaussian and Bernoulli. Additionally,
several models of random forest were
developed, varying in the number of trees from

10 to 600. For the LR models, recall for
minority classes, which are more important to
us than majority classes, ranges from 0.592 to
0.940. In the GNB, R1 ranges between 0.503
and 0.647. The BNB shows a range of R1 values
between 0.574 and 0.711. In the RF models, the
R1 varies from 0.759 to 0.903. According to this
paper's logic, three models perform better than
the others: Logistic Regression, BNB, and RF
with 250 trees, each having a threshold of 0.1,
0.05, and 0.1. Therefore, the "8" in these models
was 1.

Traditionally, comparison of different models
using evaluation metrics has not been a difficult
task, but once threshold-moving is employed, it
appears that any model can achieve a good
performance. The question remains
unanswered, however, and that is “How should
the certain value for the difference between R1
and RO be calculated? In this study, an
approximate value of 0.2 was chosen, however,
the value may be changed depending on the
nature of the research questions. As a result,
new avenues could be opened for future
research.

6. Study Limitations

The main limitation of this paper is the number
of models used in it. Utilizing different models,
and reporting different models, and their results
in one paper is almost impossible. Therefore,
we had to limit our options, and choose only
three main models. Overcoming this limitation
by using other models can be considered in
future studies.

7. Future Studies

For future research, it may be of interest to
determine this value based on minimizing the
cost of fatalities and possible countermeasures
to reduce the risk of crashes. It is likely that
future research will need to focus on
determining the costs as another important
issue. The development of mathematical and
statistical methods that can be used to convert
those costs to the best threshold could also be a
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concern. Moreover, future studies can explore
models other than Logit, Nave Bayes, and
Random Forest. Additionally, other threshold
values could be tested. Future research could
also focus on finding the best threshold for 6.
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