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Abstract: There is increasing interest in predicting traffic measures by modeling big data-
driven complex scenarios with data mining and machine learning methods. In this study, the
parameters of the traffic analysis model were created using 35,697 Twitter traffic notifications.
The relationships and effects between the parameters of hour, day, month, season, year, lane,
accident status, traffic events were revealed. By using the chi-square method, significant
relationships were obtained between the day, time, month, season, and lane parameters of
the traffic incidents on the D100 highway. Traffic events analysis machine learning methods
of the D100 highway, which has a very important place in Istanbul traffic, were carried out.
The traffic events prediction accuracy values of the created model were obtained as Naive
Bayes 91.2%, Bayes 91.0% and Artificial Neural Network 93.1%. It has been concluded that
accident events occur mostly on Fridays, vehicle breakdowns and maintenance-repair works
occur mostly on Thursdays, accident events, vehicle breakdowns and maintenance-repair
works mostly occur in the right lane. It was concluded that noon times as time, Thursday and
Friday as days, January and July as months, winter season as season and right lane as lane are
important parameters in terms of ensuring D100 road traffic safety.

Keywords: traffic analysis, data mining, machine learning, chi-square, twitter.

1. Introduction Since the amount and complexity of the data

obtained in ITS is increasing day by day, the

Big data produced in Intelligent
Transportation Systems, which is the
future direction of the transportation
system, is increasingly becoming the
focus of research. Thanks to the big data
obtained, it will have an important place
in the design and implementation of safer,
efficient, and profitable smart transportation
systems. Big data obtained through smart
cards, GPS, sensors, video detectors and
social media in ITS can move ITS to a more
efficient point with accurate and effective
data analysis (Shi and Abdel-Aty, 2015).

! Corresponding author: cihan.ciftci@ogr.iu.edu.tr

inadequacy of traditional data processing and
analysis methods emerges. Big data analysis
provides new techniques and methods to
ITS in solving this problem. By increasing
the processing efficiency of data in ITS with
big data analysis, analysis of current and
historical data can provide great benefits in
terms of real-time traffic flow forecasting,
public transport service planning, optimal
route planning, traffic accident event and
location estimation. He stated that the data
collected by electronic sensor technologies,
data transmission technologies and smart
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control technologies, which are among the
advanced technology applications within
the scope of smart transportation systems,
have the characteristics of speed, volume,
and diversity, which are the characteristics
of big data. It is stated in the literature that
smart cities have a rich variety of data sources
and that these data sources can be obtained
directly from various devices, networks,
applications, data providers, information
systems such as Intelligent Transportation.

Machine learning is increasingly used in
daily life. It is used to increase productivity,
detect diseases, image and voice recognition,
product recommendations, sentiment
analysis, social media, and detect fraud
and malicious situations. Intelligent
transportation systems have gained an
important place in the analysis of traffic
forecasts in recent times. Itis used to predict
the traffic density that may occur and to
determine the density and congestion that
may occur. By using daily and historical
data, important results have been obtained
in determining the regions where congestion
may occur. Traffic forecasting has become
a very important issue recently in order
to improve the advance planning and
management of users and decision makers
in Intelligent Transportation Systems, cope
with traffic congestion, and predict near
future traffic measures based on current and
future traffic data. With the emergence of
data and increasing computational resources,
it has become a superior approach for traffic
forecasting where different modeling
approaches are introduced (Vlahogianni et
al., 2014). It focused on predicting traffic in
asingle location using traffic theory models
and classical statistical methods as traffic
forecasting methods. As a result of the
formation of large amounts of traffic data
with Intelligent Transportation Systems,
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it has led to the creation of data-oriented
models. As computational capacities and
big data processing methods increase,
the development of new technologies and
techniques for processing bulk data, the
interest in Machine Learning methods,
which can achieve complex scenarios, has
increased intensely, leaving traditional
approaches to forecasting continuous traffic
measures based on invisible data (Lana et
al, 2018).

As the increasing population and the number
of vehicles that come along with it cannot
be dealt with efficiently, the problem of
traffic congestion has gradually increased.
Overcoming, predicting, and dealing with
direct or indirect traffic problems, which are
becomingan increasingly big problem in smart
and big cities around the world, has attracted
a great deal of attention recently. Reducing
traffic congestion, fuel consumption, number
of accidents, waiting time, air pollution, as
well as carrying out studies that will help road
users to make better decisions by informing
them about the road situation in advance are
among the studies.

In this study, the analysis of vehicle density,
traffic events and speed values of the
Istanbul D100 highway was carried out.
Big data provided by Istanbul Metropolitan
Municipality (IMM, 2020) has been
processed and organized. The effects and
relationships of non-traffic parameters
affecting vehicle density and traffic incidents
on the D100 highway were examined. In
the analysis of traffic incidents, 35,697
accidents that occurred on the D100 highway
were digitized as day, month, year, season,
damaged, chain, injury, density, left, right,
middle lanes. Chi-square tests were used
to determine whether there is a statistical
relationship between the classification
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variables obtained and traffic incidents such
as vehicle breakdown, maintenance-repair
work, and accident notification. As a result
of statistical analysis, after determining the
non-traffic parameters and their effects on
the traffic of the D100 highway, machine
learning methods were used to predict traffic
events. With these models, the traffic events
that will take place on the D100 highway
will be predicted in advance and will make
a great contribution to taking precautions.

Traffic

2. Literature Review

The fact that transportation data is collected
from social media is a new field that has a
great importance in overcoming the needs
and perspectives of users and its use in
transportation planning, management and
control is becoming an important traffic data
source in the literature. Traffic data sources
are collected in six categories (Dabiri and
Heaslip, 2019):

Data
Sources
Traffic Video Probe Tools Social smart cord | len )
Flow Image and Human Network it ¢ vronmenta
Sensors Processors Data Data

Fig. 1.
Classification of Traffic Data Sources

Depending on the intended use of social
media in the field of transport, it is divided
into the following categories (Nikolaidou
and Papaioannou, 2018):

e incident detection;

o understanding patterns of mobility and
activity;

e measuring driver satisfaction;

o information sharing and communication
by transport authorities and public
institutions;

e conducting transportation research.

They stated that text mining and data
mining techniques should be used to extract
useful information from social media data
in order to better understand, predict and
guide human behavior (Abbasi et al., 2015;
Maghrebi et al., 2015).

Fu (2015) explored the applicability of social
media data to detect traffic incidents. They

developed an approach to extract and analyze
traffic incident information with data from
Twitter. Steuer (2015) concluded that using
Twitter data would be a useful source of
information for incident detection and
event transmission to road users. Daly et al.
(2013) predicted that social media can be
used to visualize current traffic conditions
by collecting useful information. They
combined dynamic data from social media
to update users about traffic accidents and
major incidents. Wanichayapong et al. (2011)
extracted traffic information such as traffic
jams and weather events from Twitter,
classifying traffic news and associating
events with spatial dimensions. As a result
of the classification, it was stated that it will
help users plan their routes and avoid traffic
jams in real time. Abel et al. (2012) created
a framework to automatically filter, search,
and analyze information about emergency
events posted on Twitter. Kumar et al. (2014)
was used to detect bad road conditions
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using Twitter data. A sentiment analysis
was conducted by collecting tweets about
traffic and road hazards. Mai and Hranac
(2013) conducted a sensitivity analysis by
collecting information about the causes of
traffic jams from social media. Social media
data was used to determine the activities and
spatial mobility of users in transportation
research. Hasan et al. (2013) examined urban
human mobility and activities from location-
based data of Twitter users. Chaniotakis et
al. (2015) explored the potential to use data
collected from Twitter for leisure activities
demand modelling. Cheng ef al. (2011)
evaluated human mobility models with social
media data and analyzed their temporal,
spatial and social aspects. Schweitzer (2012)
stated that sentiment analysis of Twitter’s
data can be applied to evaluate opinions
about the quality of transportation services,
to determine trends in user satisfaction
and real-time events. Collins et al. (2013)
a sensitivity analysis of Twitter data was
used to evaluate the satisfaction of users
using transit systems. Luong and Houston
(2015) examined the attitudes of users from
Twitter regarding rail transport services
using sentiment analysis.

Gal-Tzur et al. (2014) classification of Twitter
data into different categories was carried out
to identify the need for transport services
and to report transport-related events.
Hassan and Ukkusuri (2014) proposed a
classification-based travel mobility model
approach, using social media data and taking
advantage of users’ location data. Ni et al.
(2017) social media data was used for metro
passenger flow prediction. They developed
a prediction model by collecting Twitter
data. Cottrill et al. (2017) it is aimed to share
the data about transportation from the data
coming from social media platforms and to
ensure the coordination of the public. By
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analyzing Twitter data, they indicated the
potential of timely information sharing to
passengers in transportation. Maghrebi et
al. (201S) using social media data, travel
mode selection was made. By analyzing
Twitter data and travel mode selection, it
was suggested that social media is a potential
application area in transportation. Huang
et al. (2017), analysis and visualization
methods of social media data in destination
or route selection problems were
investigated through spatial and statistical
analyzes using Twitter data. Rashidi et
al. (2017) investigated the size of social
media data in the field of transportation.
Applications on subjects such as the
purpose of travel, mode of transportation,
choice of destination are examined. Xu et
al. (2019) conducted a case study using
Twitter data in Toronto, Canada, where
there is a large amount of traffic-related
data from social media data. By analyzing
Twitter data, traffic events classification
was carried out based on association rules
and machine learning methods. Rahman
et al. (2019) proposes an analysis of data
collected from Twitter account to share
real-time traffic information. In order to
increase the efficiency of real-time traffic
information sharing over social media,
a social media-based adaptive real-time
traffic feed (SMART-Feed) model has been
developed with various measurements.
Dabiri and Heaslip (2019) used Twitter
data by classifying it to detect traffic events
and follow traffic conditions. The model
is proposed using convolutional neural
network (CNN) and recurrent neural
network (RNN). Huang et al. (2019),
a solution proposal was developed by
extracting information about urban traffic
from social media data and investigating
the potential effect of human activities on
daily traffic congestion.
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Many studies have been carried out in the
literature to develop a prediction mechanism
that will predict real-time traffic flow
and to increase its accuracy, scalability,
and applicability. Fancello ef al. (2018)
developed Poisson and Negative Binomial
models after applying cluster analysis to
accident data to increase road safety. Ma
and Yuan (2018) developed a model based
on Poisson regression, negative binomial
(NB) regression and Zero Inflated Negative
Binomial (NINB) regression to reduce
the impact of traffic accidents, reduce the
number of traffic accidents and increase
road safety. The relationship between the
number of traffic accidents and factors
such as road length and traffic conditions
were examined. Gu et al. (2018), mutation
optimization back propagation neural
network prediction model, particle swarm
optimization support vector machine model,
support vector machine, back propagation
neural network, K Nearest Neighbor (K-
NN) and Bayesian network methods were
used in the prediction model of traffic
accident deaths. Contreras et al. (2018),
Maximum Sensitivity Neural Network
method was used to predict traffic accidents.
Youetal. (2017), paired case control method
and support vector machines (SVMs) were
used to model the risk situation in traffic
accidents. The potential impact of weather
data on the accident prediction model
has been revealed. Taamneh et al. (2017)
used Decision Tree (J48), Rule Induction
(PART), Naive Bayes and Multilayer
Perceptron methods to model the severity
of injuries in traffic accidents. Jadaan et al.
(2014) used the Artificial Neural Network
(ANN) method to predict traffic accidents.
Ramani and Shanthi (2012), Random Tree,
C4.5, J48 and Decision Stump methods,
which are Decision Tree algorithms for the
classification of road traffic accidents, were

applied to the fatal accident database that
occurred in Great Britain in 2010. Fu and
Zhou (2011) performed traffic accident
prediction using artificial neural networks.
An artificial neural network model has been
developed due to the presence of many non-
linear elements such as people, cars, roads,
and climate in traffic accidents. Zhang et al.
(2018), using social media data, used deep
learning method to detect traffic accidents.
The content of 1 million 300 thousand
tweets was examined in detail.

3. Methodology

In recent years, the emergence of big data
technology and the successful application
of neural network algorithms offer
opportunities to conduct data-driven
research in transportation. Advances in
artificial intelligence give researchers the
chance to quickly and deeply learn features
from traffic data. Thus, predicting traffic
congestions with large and heterogeneous
traffic data in both short and long term offers
opportunities for improvement using data
mining and machine learning approach. In
this study, Artificial Neural Networks and
Bayesian Networks from Machine Learning
methods were used to establish an early
warning system to detect the bottleneck
situation in advance.

3.1. Problem State of the Research

Traffic congestion is a situation that causes
the travel times of vehicles moving to their
destinations to increase due to the increase
in the number of vehicles in traffic and the
decrease in their speed. As the increasing
population and the number of vehicles that
come along with it cannot be dealt with
efficiently, the problem of traffic congestion
has gradually increased.
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Big data produced in Intelligent
Transportation Systems, which is the
future direction of the transportation
system, is increasingly becoming the focus
of research. Thanks to the big data obtained,
it will have an important place in the design
and implementation of safer, efficient and
profitable smart transportation systems.

Overcoming, predicting and dealing with
direct or indirect traffic problems, which
are becoming an increasingly big problem
in smart and big cities around the world, has
recently received a great deal of attention.

The emergence of big data technology and
the successful application of neural network
algorithms offer opportunities to conduct
data-based research in transportation.

3.2. Purpose of the Research

The main purpose of our study is to carry
out an in-depth analysis of Istanbul traffic,
to determine the parameters affecting the
traffic and to model and analyze the effects.
For this purpose, by using social media and
sensor data, the parameters affecting the
events in Istanbul traffic were revealed, and
a traffic events estimation model was created
with machine learning methods, thanks to
the parameters obtained. Digitization of
traffic incidents was performed using 35,697
traffic incident message data. Relationships
of traffic incidents with criteria such as
day, time, month, season and lane were
determined. The analysis of traffic incidents
was determined by the chi-square method.
Significant relationships were obtained
between these parameters and traffic events.
In this study, the relationship of 35,697
traffic incidents that occurred in Istanbul
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traffic between 2016-2020 with criteria such
as hour, day, month, year, season, vehicle
density was analyzed using the chi-square
method. Prediction modeling was done with
machine learning methods according to the
obtained parameters.

3.3. Research Data

It was obtained from the data with open
access in the Istanbul Metropolitan
Municipality Data Portal. Instant
notifications of traffic incidents on Twitter
are given. Data of 35,697 traffic incidents
between 2016-2020 on the D100 highway
were obtained. To give an example of the
messages received from Twitter regarding
traffic incidents: “DI100 15 July Martyrs
Bridge Europe-Anatolia Direction, right lane
vehicle failure”. “Traffic is heavy in the region,
D100 Maltepe-Kiigiikyali Direction, the traffic
in the region is concentrated due to the vehicle
malfunction in the right lane”. “D100 Maltepe-
Kiigitkyali Direction, traffic in the region
intensified due to vehicle failure in the middle
lane”. The types of accident events are grouped
as follows: Accident Notification, Vehicle Failure,
Maintenance-Repair Work. In the classification
process, days are defined as Monday, Tuesday,
Wednesday, Thursday, Friday, Saturday, Sunday.
Months: January, February, March, April, May,
June, July, August, September, October, November,
December. The seasons are defined as: Spring,
Summer, Autumn, Winter. The times of accident
events are grouped as follows: Morning, Noon,
Evening, Nigh. Accident events are grouped as
follows: damaged: 1, not damaged: 0, chained: 1,
not chained: 0, injured: 1, not injured: 0, intensity:
1, no intensity: 0. The lane where the accident
events occurred is grouped as follows: right lane:
1, if not right lane: 0, left lane: 1, if not left lane:
0, middle lane: 1, if not middle lane: 0.
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Table 1
Digitization of Social Media Traffic Messages
. Event . . .. | Left [Right|Center
Months Days Times Type Damaged|Chaining| Injury |Intensity Lane| Lane | Lane
Accident
January | Monday Noon Notification 0 1 0 0 1 0 0
February | Tuesday | Morning | Vehicle Failure 0 0 0 1 0 1 0
March |Wednesday| Noon | Vehicle Failure 0 0 0 1 0 1 0
. Maintenance-
April Thursday | Noon Repair Work 0 0 0 0 0 1 0
. . Accident
May Friday | Morning Notification 1 0 0 0 1 0 0
. Maintenance-
June Saturday | Evening Repair Work 0 0 0 0 0 1 0
July Sunday Night | Vehicle Failure 0 0 0 1 0 1 0
X Maintenance-
August Monday | Evening Repair Work 0 0 0 0 0 1 0
September | Tuesda Noon Accident 1 0 0 0 1 0 0
P ¥ Notification
October |Wednesday| Morning | Vehicle Failure 0 0 0 1 0 1 0
) Accident
November | Thursday | Night Notification 0 1 0 0 1 0 0
December |  Friday Night | Vehicle Failure 0 0 0 1 0 1 0
3.4. Model of Research
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3.5. Research Hypotheses

Istanbul’s D100 road accident incidents:

e H': There is a significant difference in
terms of hours;

e H?: There is a significant difference in
terms of days;

e H3: There is a significant difference in
terms of months;

e H*: There is a significant difference in
terms of stripes;

e H?: There is a significant difference in
terms of seasonal.

4. Data Analysis

As aresult of the statistical analyzes carried
out, significant relationships were obtained
in terms of months, days, seasons and lanes
with vehicle breakdown and accident events
in 35,697 traffic notification messages that
occurred on the D100 highway line. In line
with the results obtained, machine learning
methods were used in modeling the traffic
density situation of the D100 highway line
and possible traffic events.

Table 2
Chi-Square Test Results Regarding Traffic Events Occurring According to Hours
Vehicle Maintenance Accident
Watches Failure f Study f Notice f Total f x 4
Morning 5,808 |[31.67% 971 39.98% | 4,482 |30.02% | 11,261 |31.55%
Noon 6,749 |36.80% 715 29.44% | 5,403 |36.19% | 12,867 | 36.05%
Evening 5,276 |28.77% 241 9.92% 4,025 [26.96% | 9,545 [26.74% | 1653.957° .000
Night 507 2.76% 502 20.67% 1,018 6.82% | 2,030 | 5.69%
Total 18,340 [51.38% 2,429 6.80% 14,928 [41.82% | 35,697 |100.00%

According to the results obtained in Table
2, 51.35% of the 35,697 traffic incidents
occurring in Istanbul traffic are vehicle
breakdowns, 6.80% road maintenance-repair
works and 41.82% accident notifications.
In addition, 31.55% of the traffic incidents
occurred in the morning, 36.05% at noon,
26.74% in the evening and 5.69% at night.
The highest vehicle breakdown time was
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36.80% at noon, road maintenance-repair
work was 39.98% in the morning, and the
highest accident reporting time was at
noon with 36.19%. According to the results
obtained (X?=1653.957", p=0,000<0,005), it
was determined that there was a significant
relationship between traffic events and
hours, and the H! hypothesis was accepted
as aresult.
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Table 3
Chi-Square Test Results for Traffic Events Occurring by Days
Vehicle Maintenance Accident ,
Days Failure f Study f Notice f Total f X P
Monday 3,175 [17.31% 295 12.14% | 2,284 |15.30% | 5,754 [16.12%
Tuesday 2,966 |[16.17% 383 15.77% | 2,225 |14.90% | 5,574 |15.61%
Wednesday | 2,956 |16.12% 372 15.31% | 2,261 |15.15% | 5,589 |15.66%
Thursday | 3,036 | 16.55% 389 1601%| 2,297 [1539%] 5,722 [16.03%] 574370+ | 000
Friday 2,998 [16.35% 358 14.74% | 2,406 |16.12% | 5,762 |16.14%
Saturday 1,918 |10.46% 325 13.38% | 1,833 |12.28% | 4,076 |11.42%
Sunday 1,291 7.04% 307 12.64% | 1,622 |10.87% | 3,220 | 9.02%
Total 18,340 [51.38% 2,429 6.80% | 14,928 |41.82% | 35,697 [100.00%

According to the results obtained in
Table 3, vehicle breakdown was 16.55%
on Thursday, maintenance-repair work
was 16.01% on Thursday, and accident
notification was 16.12% on Friday. Most
of the traffic incidents occurred on Friday

with 16.14%. According to the results
obtained (X?=274.379% p=0,000<0,005), it
was determined that there was a significant
relationship between traffic events and days,
and the H? hypothesis was accepted as a
result.

Table 4
Chi-Square Test Results for Traffic Events by Month

wonas [yote | oo Jacosen o | 4 | x|
January | 2,013 |10.98% 246 10.13% | 1,605 |10.75% | 3,864 |10.82%

February 1,723 9.39% 228 9.39% 1,314 | 8.80% | 3,265 | 9.15%

March 1,683 | 9.18% 220 9.06% 1,428 | 9.57% | 3,331 | 9.33%

April 946 5.16% 239 9.84% 961 6.44% | 2,146 | 6.01%

May 962 5.25% 128 5.27% 909 6.09% | 1,999 | 5.60%

June 1,729 9.43% 153 6.30% 1,251 8.38% | 3,133 | 8.78%

July 1,952 | 10.64% 287 11.82%| 1,403 | 9.40% | 3,642 |10.20%| 181.168 | 0,000
August | 1,376 | 7.50% 176 7.25% | 1,178 | 7.89% | 2,730 | 7.65%

September | 1,535 | 8.37% 193 7.95% | 1,296 | 8.68% | 3,024 | 8.47%

October | 1,597 | 8.71% 246 10.13%| 1,302 | 8.72% | 3,145 | 8.81%

November | 1,348 7.35% 149 6.13% 1,197 | 8.02% | 2,694 | 7.55%

December | 1,476 | 8.05% 164 6.75% 1,084 | 7.26% | 2,724 | 7.63%

Total | 18,340 [51.38%| 2,429 | 6.80% | 14,928 |41.82% | 35,697 |100.00%
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According to the results obtained in Table 4,
vehicle breakdown occurred with 10.98% in
January, maintenance-repair with 11.82% in
July and accident notification with 10.75%
in January. Most of the traffic incidents
occurred in January with 10.82%. According

to the results obtained (X?=181.168%,
p=0.000<0.005), it was determined that there
was a significant relationship between traffic
events and months, and the H? hypothesis
was accepted as a result.

Table 5
Chi-Square Test Results Regarding Traffic Events Occurring According to Lane
Vehicle Maintenance Accident
Total x?
Lane Failure f Study f Notice f ota f p
Left 2,172 [ 12.41% 879 40.01% | 4,959 |38.05%| 8,010 |24.47%
Middle | 1,235 | 7.06% 11 0.50% | 1,240 | 9.51% | 2,486 | 7.60%
3346.568* | 0,000
Right 14,094 | 80.53% 1,307 59.49% | 6,835 |52.44% | 22,236 | 67.93%
Total 17,501 |53.47% 2,197 6.71% | 13,034 |39.82% | 32,732 |100.00%

According to the results obtained in Table
S, vehicle breakdown occurred in the right
lane with 80.53%, maintenance-repair
work with 59.49% and vehicle accidents
with 52.44% in the right lane. Most of
the traffic incidents occurred in the right

lane with 67.93%. According to the results
obtained (X?=3346.568", p=0.000<0.005), it
was determined that there is a significant
relationship between traffic events and
lane, and H* hypothesis was accepted as
aresult.

Table 6
Chi-Square Test Results Regarding Traffic Events Occurring According to Seasons
Vehicle Maintenance Accident s
Seasons Failure f Study f Notice f Total f X 4
Spring 3,591 19.58% 587 24.17% | 3,298 [22.09% | 7,476 |20.94%
Summer 5,057 [27.57% 616 25.36% | 3,832 [25.67%| 9,505 |26.63%
Autumn 4480 |24.43% 588 2421%| 3,795 |25.42%| 8,863 |24.83% | 63.542* | 0,000
Winter 5,212 [ 28.42% 638 26.27% | 4,003 [26.82%| 9,853 |27.60%
Total 18,340 |[51.38% 2,429 6.80% | 14,928 |41.82% | 35,697 [100.00%

According to the results obtained in Table
6, 24.42% vehicle breakdown occurred
in winter, 26.72% maintenance-repair in
winter, and 26.82% winter vehicle accident.
Most of the traffic incidents occurred in
winter with 27.60%. According to the results
obtained (X?=63.542% p=0.000<0.005), it
was determined that there was a significant
relationship between traffic events and
seasons, and the H® hypothesis was accepted
as aresult.
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Classification analyzes were carried out
according to days, time, months, lane, season
to estimate traffic events that may occur on
the D100 highway. Classification analyzes of
35,697 traffic events were performed with
Navie Bayes, Bayes and Artificial Neural
Networks. According to the results obtained
in Table 7, the density estimation accuracy
of the created model was obtained as Navie
Bayes, 91.2%, Bayes 91.0% and Artificial
Neural Networks as 93.1%.
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Table 7
Traffic Events Estimation Results with Machine Learning Methods
Models
Model Naive Baves Artificial
Evaluation Bayes 4 Network
Criteria Cross Percentage Cross Percentage Cross Percentage
Validation-10|Split (70/30) | Validation-10 | Split (70/30) | Validation-10 | Split (70/30)
Accuracy 0.912 0911 0.910 0911 0.931 0.931
ROC 0.980 0.967 0.967 0.978 0.989 0.989
MCC 0.864 0.838 0.864 0.860 0.891 0.891
Rated((Recall) 0.910 0911 0912 0911 0.931 0.931
Traffic | precision 0.920 0911 0912 0916 0.928 0.930
Events g criterion 0914 0.900 0.900 0912 0927 0925
Estimation
Models | Kappa statistics 0.855 0.843 0.846 0.846 0.880 0.881
mean absolute error 0.058 0.056 0.052 0.059 0.047 0.047
Root mean squared error 0.180 0.187 0.185 0.181 0.154 0.154
Relative absolute error 20.10% 18.37% 18.14% 20.32% 16.11% 16.12%
Root relative squared error 47.34% 49.22% 48.73% 47.63% 40.38% 40.36%

4.1. Discussion of Results

The collection of transportation data
from social media is a new field with great
importance in overcoming the needs
and perspectives of users, and its use in
transportation planning, management and
control is becoming an important traffic
data source in the literature. Useful data
can be obtained for the detection of many
events (Grant-Muller et al.,, 2015; Pender
et al, 2014). In the literature, Twitter data
has been used to detect traffic events, to
extract the algorithm of traffic events, and
to investigate the causes of traffic jams
(Daly et al., 2013; Mai and Hranac, 2013;
Fu, 2015; Steuer, 2015; Zhang et al., 2018;
Xu et al., 2019; Dabiri and Heaslip, 2019).
In this study, traffic analysis modeling was
carried out using Twitter traffic notification
data. Firstly, Chi-square tests were used to
evaluate the traffic incidents that occurred in
Istanbul traffic between 2016-2020. Traffic
incidents were evaluated in three categories
as accident notification, road maintenance-
repair works and vehicle breakdown. It
has been evaluated whether there is a

relationship between parameters such as
time, day, month, season and traffic events
and whether traffic events are independent
of these parameters. According to the
results obtained in table 2 (X?=1653.957,
p=0.000<0.005), it was determined that there
is a significant relationship between traffic
events and hours. 51.35% of the 35,697
traffic incidents occurring in the D100
highway line traffic are vehicle malfunctions,
6.80% road maintenance-repair works and
41.82% accident notifications. In addition,
31.55% of the traffic incidents occurred in
the morning, 36.05% at noon, 26.74% in the
evening and 5.69% at night. The highest
vehicle breakdown time was at noon with
36.80%, road maintenance-repair work was
in the morning with 39.98%, and the highest
accident reporting time was at noon with
36.19%. According to the results obtained
in table 3 (X?=274.379% p=0.000<0.005), it
was determined that there was a significant
relationship between traffic events and days.
In the D100 highway traffic, the highest
vehicle breakdown was 16.55% on Thursday,
maintenance-repair work was 16.01% on
Thursday, and accident notification was
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16.12% on Friday. Most of the trafficincidents
occurred on Friday with 16.14%. According
to the results obtained in table 4 (X?=181.168",
p=0.000<0.005), it was determined that
there is a significant relationship between
traffic events and months. In the D100
highway traffic, the highest number of
vehicle breakdowns occurred in January,
with 10.98%, in July with 11.82%, with
maintenance-repair and in January with
10.75%, with accident reporting. Most of
the traffic incidents occurred in January with
10.82%. According to the results obtained
in table S (X?=3346.568°, p=0.000<0.005),
it was determined that there is a significant
relationship between traffic incidents and
the lane-repair work and vehicle accident
occurred in the right lane with 52.44%.
Most of the traffic incidents occurred in
the right lane with 67.93%. According to
the results obtained in table 6 (X?=63.542¢,
p=0.000<0.005), it was determined that there
is a significant relationship between traffic
events and seasons. In the D100 highway line
traffic, 24.42% vehicle breakdown, 26.72%
maintenance-repair in winter and 26.82%
winter vehicle accident occurred. Most
of the traffic incidents occurred in winter
with 27.60%. Machine learning methods
in Intelligent Transportation Systems have
received increasing attention in recent years.
Machine learning methods were also used
in the analysis of traffic incidents (Zhang
et al., 2018; Fancello et al., 2018; Ma and
Yuan, 2018; Ozden and Ac1, 2018; Gu et al.,
2018; Contreras et al., 2018; Alkheder et al.,
2017; You et al., 2017; Taamneh et al., 2017;
Jadaan et al, 2014; Ramani and Shanthi,
2012; Tayep et al.,, 2015; Martin et al., 2014;
Fuand Zhou, 2011; Ren et al., 2018). In this
study, as a result of the statistical results
obtained, secondly classification analyzes
of traffic events with machine learning
methods, according to months, days, time
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and lane parameters were carried out. As a
result of Navie Bayes classification, 91.7%
accuracy value, 82.2% sensitivity value,
99.9% conciseness values were obtained.
As aresult of Bayesian classification, 96.6%
accuracy value, 95.0% sensitivity value,
97.9% conciseness values were obtained.
As a result of Artificial Neural Network
classification, 97.0% accuracy value, 95.7%
sensitivity value, 98.1% conciseness values
were obtained. In line with these results,
important results will be obtained in the
prediction of the density that may occur
according to the months, days, time, lane
and traffic events variables of the D100
highway line.

5. Conclusion

In this study, we performed traffic events
modeling by analyzing the big data
consisting of traffic notifications, which we
obtained thanks to the Twitter social media
tool, using machine learning methods. We
used non-parametric statistical methods
to determine the parameters we used in
our model. In our study, we carried out
the traffic analysis of the D100 highway,
which has a very important place in Istanbul
traffic, thanks to the model we built. For
traffic analysis, the relationship between
traffic events, hour, day, month, season,
year, lane, it has any effects or not, whether
it creates significant differences on traffic
events, were tested with statistical methods.
According to the results of the hypotheses,
the parameters affecting the traffic of that
region were determined. Our model was
tested by performing classification and
prediction analyzes with Artificial Neural
Network, Bayesian Networks, which are
machine learning methods. As a result of the
analysis of the D100 road safety, a significant
relationship was obtained between the
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accident events, vehicle breakdowns and
maintenance-repair works by months,
days, time, season and years. While more
vehicle breakdowns and maintenance-repair
works occur in the morning hours, accident
events occur in the afternoon. In addition,
vehicle breakdowns and maintenance-repair
works mostly occur on Thursdays, while
accident events occur mostly on Fridays.
It has been concluded that while the most
vehicle breakdowns and accident events
occur in January, maintenance-repair works
mostly occur in the winter months. Accident
events, maintenance-repair works and
vehicle breakdown occurred mostly in the
right lane. Noon hours as time, Thursday
and Friday as days, January and July months
as months, Winter season as season and
right lane aslane are important parameters
for ensuring road traffic safety on the D100
road. Thanks to the D100 Highway Traffic
Information Service, month, day, time
and lane conditions will be entered and
measures will be taken according to the
density situations that will occur along the
line and the probability of traffic events,
and it will make a great contribution to
the formation of a more reliable traffic. By
integrating this system with navigation
programs, informing the users about the
density and traffic events of the location
before they reach the next location will
prevent traffic incidents that may occur
and naturally create an obstacle in the
occurrence of densities.
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