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Abstract 
	

Abstract: The use of mobile phones while driving is a serious traffic safety issue. 
The aim of this work was to identify the number of traffic accidents caused by 
mobile phone use, to propose a prevention model and to verify its effectiveness in 
traffic. Content analysis of secondary data, descriptive statistics, calculation of 
year-to-year indices, regression analysis and modelling of economic impact of 
accidents were used for the analysis. The research found that there was no 
statistically significant relationship between the number of smartphones and the 
number of traffic accidents, yet between 122 and 173 phone-related accidents were 
recorded each year. The proposed prevention model combining camera systems, 
legislative measures and technological detection features shows potential to reduce 
these accidents. Research is limited by the geographical focus on one area and the 
fact that the impact of the phone on an accident is not always obvious. Further 
research should include deeper analysis of human behaviour and wider spatial and 
temporal coverage. 

Keywords: Mobile phone, traffic accidents, driver distraction, regression 
analysis, prevention model, camera system, road safety. 

	
	
Introduction 

Financial Mobile phone use while driving is a major cause of distraction and an area of 
concern. Phone detection cameras are increasingly being used to enforce bans on hand-held cell 
phone use while driving (Stefanidis et al., 2023). Mobile phone use is a major source of 
distraction for vehicle drivers and leads to a large number of traffic accidents. Although 
surveillance cameras can be used to detect distracted phone use, they do not work well in some 
scenarios (e.g., darkness and blockages) (S. Zhang et al., 2024). Cell phone distraction while 



driving can increase the risk of a crash by a factor of three to four and increase the severity of 
a crash (Fry, 2023). 

The use of mobile phones while driving has been a major factor when it comes to road traffic 
information, and the process of capturing such offences can be a laborious task. Advances in 
modern object detection frameworks as well as high-performance hardware have paved the way 
for a more automated approach when it comes to video surveillance (Carrell & Atapour-
Abarghouei, 2021). As automated vehicles become more common, there is a need to measure 
and define exactly when and in what ways a driver can use a mobile phone in autonomous 
driving mode, how long it can be used, the complexity of the call content and the accumulated 
psychological burden (Zhao et al., 2022). 

Mobile phone applications and operating systems are increasingly adopting driving mode 
features that attempt to reduce the visual and cognitive demands on the driver by limiting 
functionality, using larger buttons and icons, and adding voice interactions (Monk et al., 2023). 

In today's world of smart technology, there is a huge need to automate tasks and processes 
to avoid human intervention and save time and energy. Nowadays, mobile phones have become 
one of the essential things for people to either call someone or connect to the internet. While 
driving, people need mobile phones to receive or make calls, use Google maps and many more. 
Normally, in cars, mobile phone holders are placed on the dashboard to hold the mobile phone 
and the orientation of the phone needs to be manually changed according to the convenience of 
the driver, but the driver may be distracted from driving while trying to access the mobile phone, 
which may lead to accidents (Madhunala et al., 2022). 

The aim of this paper is to identify the number of accidents caused by mobile phone use 
while driving, propose a prevention model and validate its effectiveness in traffic. 

Establishing the association between the number of mobile phones in the country and 
accidents caused by inattention will help to improve road safety. Confirmation of the 
relationship will encourage stricter regulation and preventive measures. 

RQ1: Is there a link between the number of mobile phones in the Czech Republic and the 
number of accidents caused by inattention? 

Determining the extent of the problem will help to better target preventive measures where 
they are most needed. Driver distraction with mobile phones increases the risk of accidents and 
puts lives at risk. 

RQ2: How many traffic accidents can be caused by mobile phone use while driving in the 
Czech Republic? 

Creating solutions to prevent accidents can improve road safety and encourage responsible 
driving behaviour. The right model could help reduce the risk of accidents. 

RQ3: Can an effective model be designed to help reduce these accidents? 

Verifying the model's functionality will show its benefits and opportunities for improvement, 
as it is essential to reduce the number of accidents. It is important to see if it will be applicable 
in practice. 



RQ4: How effective would this model be when used in operation? 

Wang et al. (2017) investigated drivers' gaze patterns when using a mobile phone. They used 
entropy analysis and gaze transition matrix to identify gaze patterns. The results showed that 
distracted driving results in higher randomness in gaze patterns and shorter gaze time on the 
road. Al-Jasser et al, (2018) investigated the use of mobile phones while driving and its effect 
on collisions among students. This was done using a cross-sectional study on a sample of 986 
male students who completed a questionnaire on driving experience, hours spent behind the 
wheel and collision experience. Data were analyzed using chi-square test and odds ratio. The 
results showed that 44.6% of the participants had experienced a collision in the past 6 months, 
with 37.9% attributing collisions to mobile phone use. The risk of collisions increased with 
driving duration, with those who drove more than 6 hours per day having a higher risk than 
those who drove less. Chen et al, (2020) reported the effect of text messaging on driving 
performance and the ability to avoid collisions. Fifty-three participants completed a driving 
simulator where time reserve and crash probability were measured. Results showed that drivers 
increased their time margin by 0.41-0.59 seconds, but using text messaging increased the 
likelihood of a crash by up to 3.56 times. The study shows that drivers' compensatory behavior 
was heterogeneous and provides a basis for developing safety regulations and campaigns. 
Taylor & Blenner, (2021) examined factors influencing cell phone use while driving among 
young drivers. They used data from the National Attitudes and Behavioural Patterns Survey 
and applied multivariate regression models. Results showed that perceived safety had the 
greatest influence on mobile phone use while driving. Yeo & Park, (2021) argued that the effect 
of smartphone dependence on smartphone use while driving. A survey of 948 drivers showed 
that those addicted to phones were more likely to use them while driving, especially when 
handling them. Phone use was analyzed using factor analysis and binary logistic regression. 
The results suggest that smartphone addiction affects smartphone use while driving, which may 
help in formulating future safety policies. O'Hern & Stephens, (2022) investigated the use of 
mobile phones while driving, focusing on distracted driving behaviour. Data was obtained from 
an online ESRA2 survey, which included 994 responses, with 703 participants who had driven 
a car in the last 30 days indicating how they used their mobile phone while driving. The results 
showed that 49.4% used the phone to make a handheld call, 41.4% used hands-free and 35.6% 
sent text messages or used social media. The study suggests that a combined approach involving 
legislation, enforcement and education is needed to address this problem. Truelove et al, (2023) 
present the impact of legal action and self-regulation on mobile phone use while driving. They 
used deterrence theory to analyse external factors and self-determination theory to analyse 
internal factors. The results showed that internal factors, such as self-regulation, had a greater 
effect on driver behavior than external measures, such as fines. 

Yao et al. (2018) investigated the relationship between drivers' visual features and their 
distracted driving behavior. They used a random forest model to classify driver behavior and 
analyze visual features. The results showed that the model had high accuracy in detecting 
distracted driving (over 90%). Shibli et al. (2019) focused on developing an assistance system 
for detecting driver inattention using computer vision. The system analyzed the video from a 
web camera and triggered an alarm when attention dropped. The results showed that the system 
had an alarm success rate of 89.34%, which contributed to improved road safety. Papakostas et 



al, (2021) investigated a multimodal approach to detect driver distraction, combining visual, 
acoustic and physiological data. They used twelve different information channels for distraction 
detection. The results showed that this approach is effective and provides valuable information 
about distracted driver behavior. Li et al. (2022) investigated the effect of data shifts on the 
detection of distracted driving. They proposed the SelectAug method, which improves the 
detection accuracy and generalization of models on different data, leading to better real-world 
inattention detection. Shang et al. (2023) argue that the problem of driving inattention detection 
with respect to privacy and heterogeneous data distribution among drivers. They used a 
federated bidirectional knowledge distillation (FedBiKD) framework that combined a global 
model and local training. The results showed that this model significantly outperformed other 
federated learning algorithms in accuracy, communication efficiency, convergence rate, and 
stability. Du et al. (2023) investigated real-time inattention detection in driving. They used the 
GhostC2f model, which integrated a linear transformation into the YOLOv8 model and 
improved feature fusion. The results showed a 5.1% improvement in accuracy and a 36.7% 
reduction in computational load. Sahoo et al. (2023) addressed inattention detection for driving 
on devices with limited computational resources. They used a lightweight convolutional neural 
network (SqueezeNet 1.1) and trained it on a cloud platform. The model achieved 99.93% 
accuracy in detecting ten types of inattention, making it suitable for deployment in mobile or 
embedded systems. Misra et al, (2023) investigated cognitive distraction of drivers and its 
detection using eye tracking and physiological data. They used different classification 
algorithms such as random forest and decision trees. The results showed that visual and 
physiological features are crucial for distraction detection with an average accuracy of 90%. 

Cordellieri et al, (2022) investigated factors such as attitude towards multitasking, risk 
perception, self-efficacy and sensation seeking that could influence risky behaviour behind the 
wheel. Data were collected from 1498 young drivers through a survey. The result showed that 
in 2019, the 27 EU Member States reported more than 22,800 fatal accidents on the road. In the 
Italian context, 3,173 people were killed in road accidents, of which 13.89% were under the age 
of 25. Distracted driving is a major cause of road accidents, mainly due to the driver's 
involvement in secondary tasks such as using a smartphone. Pang et al, (2024) examined the 
relationship between distracted driving and overall driving performance, and the analysis of 
this effect was conducted using C4.5 algorithm, where it was found that when time is at peak, 
the probability of high performance (HP) is higher than off-peak. 

Cypto & Karthikeyan., (2022) reported automatic detection of speeding in traffic. They used 
a deep learning method with PP YOLO modules for vehicle detection and ALPR for license 
plate recognition. The results showed high accuracy: 98.8% for speeding violation detection 
and 99.3% for license plate identification. Y. Zhang et al. (2020) looked at mobile phone use 
while driving to identify the extent of this behaviour and its motives. They used descriptive 
analysis to obtain data and collected responses from 317 respondents through a questionnaire. 
The results showed that 96.3% of food delivery drivers used a mobile phone while driving, with 
behaviour influenced by psychoticism and perceived self-efficacy to drive. Structural equation 
analysis confirmed that driving self-efficacy mediated the relationship between risk perception, 
extraversion, and these behaviors. 



Content analysis of secondary data will be used for data collection in this thesis and 
descriptive analysis will be used for data processing. Linear regression analysis will be used to 
identify the relationship between mobile phone use behind the wheel and traffic statistics. 
Linear regression will also be used to predict the development of the number of accidents. 

Methodics 
We For the entire research, data from the website: the Centre for Transport Research (CDV, 

2024) will be used. Individual traffic accidents are shown here on an interactive map of the 
Czech Republic, including time and location from January 2006 to the present. For the purpose 
of this research, data from the period from 1 January 2006 to 31 December 2024 will be 
analysed, specifically for the Dlouhá Louka area in České Budějovice. 

In the first phase of the analysis, the evolution of the number of accidents caused by 
inattention in the whole Czech Republic will be monitored, as well as the evolution of the 
number of mobile phones. Both indicators will then be compared and their correlation will be 
established. Content analysis will be used for data collection. This type of analysis will allow 
systematic review and interpretation of available information from public databases, statistical 
surveys and expert reports. The main objective will be to identify trends over time in the number 
of road accidents involving proven or suspected mobile phone use by the driver. 

The coefficient 𝛽1 will determine how the number of crashes changes when the number of 
smartphones changes: (Wooldridge, J. M. 2016) 

β1=
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where: 

• 𝑥𝑖= individual values of the number of smartphones 
• 𝑦𝑖= individual values of the number of accidents 
• 𝑥̅= average number of mobile phones 
• 𝑦%= average number of accidents 

To track the evolution of the number of accidents over time, an index of year-to-year change 
is calculated using the formula: (Hindls, R. et al. 2007) 

It= +,
+,$-

 ×100 

where: 

• It will represent the index of year-on-year change in year t 
• Nt will be the number of accidents in year t 
• Nt-1 will be the number of accidents in the previous year 

In order to quantify the economic impact of accidents related to mobile phone use, the 
average cost per accident will be determined according to the following relationship: (Mach, 
2014) 

Cavg = ∑ .!
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where: 

• Cavg is the average cost per accident 
• Ci will be the cost associated with each accident 
• n is the number of accidents 

To predict the evolution of the number of accidents over time, a simple linear regression 
model is used: (Čihák, M. 2006) 

Y=β0+β1 X+ε 

where: 

• Y is the predicted number of accidents 
• X will be the independent variable (time, e.g. year) 
• β0 is a constant (intercept) 
• β1 is the coefficient of the regression line (slope) 
• ε is the random error of the model 

The regression analysis will make it possible to create a predictive model of the evolution of 
accidents and to assess its relevance for preventive measures. 

Results 

Figure 1: Trend in the number of traffic accidents involving smartphones (2018-2024). 

 

Source: Own processing based on data from CDV and Czech Statistical Office. 

Figure 1 shows the comparison between the number of people using smartphones and the 
number of accidents where it was identified that they may have been at fault. The data shows 
that the number of smartphone users has steadily increased - from 6.8 million in 2018 to 9.2 
million in 2024. In contrast, the number of accidents has fluctuated. There was a significant 
drop in 2020 (122 accidents), which may be related to the pandemic and the reduction in 
population mobility. The following year, however, brought a jump to 173 accidents, the highest 
figure for the period under review. Since then, although the number of accidents has slightly 
declined again, it rises again to 163 in 2024. Interestingly, although the number of phone users 
is increasing fairly consistently, the number of accidents is not following this trajectory linearly. 
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This suggests that smartphone ownership alone is not the direct cause of an accident, but rather 
a combination of multiple factors such as driver behaviour, lack of hands-free or multitasking 
while driving. 

Table 1: Trend in the number of traffic accidents involving smartphones (2018-2024). 

Regression statistics     
Multiple R 0,089661243     
Reliability value R 0,008039138     
Confidence set value  
 R 

-
0,190353034     

Error mean value 9,201373627     
Observation 7     
ANOVA      

  Difference SS MS F Significance F 
Regression 1 3,43076 3,43076 0,040521 0,848397441 
Residuals 5 423,3264 84,66528   
Total 6 426,7571       

Source: Own processing based on data from CDV and Czech Statistical Office. 

Table 1 shows that no statistically significant relationship was found based on the linear 
regression between the number of people using smartphones and the number of traffic 
accidents. The regression equation takes the form: number of accidents = 88.94 - 0.043 × 
number of smartphone users (%), with a direction coefficient of -0.043 indicating a very weak 
negative relationship. The correlation coefficient (R = 0.0897) is very low, indicating almost 
no association between the variables of interest, and the high p-value (0.848) confirms that the 
result is not statistically significant. Also, the coefficient of determination (R² = 0.008) indicates 
that the model explains less than 1% of the variability in the number of accidents. 

Figure 2: Index of the annual change in the number of accidents between 2009 and 2024 in 
Dlouhá louka. 

 
Source: Own processing based on data from CDV and Czech Statistical Office. 

Figure 2 shows the dynamics of the year-on-year percentage change and helps to better 
understand how the accident rate has evolved over the years compared to the previous year. An 
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index greater than 100% indicates an increase, less than 100% a decrease. The largest year-on-
year increase occurred in 2013 (169.39%), corresponding to a sharp increase in the absolute 
number of accidents. Conversely, a decrease is observed for example in 2020 (81.33%), which 
may be related to the pandemic and limited population movement. Similarly, 2019 (88.24%) 
and 2022 (86.71%) have a low index, while 2021 shows a sharp return with a value of 141.80%. 

Figure 3: Evolution of costs per accident from 2009 to 2024. 

 
Source: Own processing based on data from CDV and Czech Statistical Office. 

Figure 3 illustrates the gradual increase in the average cost per traffic accident in the Czech 
Republic. Between 2009 and 2024, these costs will more than triple, from CZK 26,000 in 2009 
to CZK 86,600 in 2024. Figure 3 shows a steady increase without major fluctuations, which 
may be due to inflation as well as increases in the cost of healthcare, vehicle repairs, property 
damage or lost productivity due to injury or death. Significant increases can be seen especially 
after 2015, when costs exceed the 50,000 CZK threshold each year and continue to rise. In 
terms of analysis, this confirms that each individual accident has an increasingly higher 
economic impact, even when the total number of accidents is stagnant or slightly decreasing.  
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Figure: 4: Actual vs. predicted number of accidents at Dlouhá louka. 

 
Source: Own processing based on data from CDV and Czech Statistical Office. 

Figure 4 shows two curves - blue for the actual number of accidents and red for the predicted 
trend. The predicted trend was determined by linear regression, which under normal conditions 
would predict a decreasing trend. While the theoretical model suggests a significant reduction 
in the accident rate - from 267 in 2009 to less than 90 in 2024 - the reality does not always 
approach this trend. After an initial decline, there was a jump from 98 to 166 accidents in 2013. 
A peak was reached in 2014 (181), followed by a gradual decline again, but from 2021 onwards 
there is a rise again, with 2024 ending at 163 accidents. This trend shows that although from a 
technological and road safety point of view there should be a reduction in the number of 
accidents, the practice is different. 

Discussion of results 
RQ1: Is there a link between the number of mobile phones in the Czech Republic and the number 
of accidents caused by inattention? 

Based on the analysis of data from 2018-2024, no statistically significant association was found 
between the number of smartphone users and the number of road accidents caused by 
inattention. Although the number of phone users in the Czech Republic increased steadily from 
6.8 million to 9.2 million, the number of accidents showed a rather fluctuating trend and the 
correlation coefficient (R = 0.0897) showed almost zero association. Regression analysis 
therefore confirmed a very weak negative relationship and the high p-value (0.848) ruled out 
statistical significance of this relationship. This result supports the conclusion that smartphone 
ownership per se does not increase the likelihood of an accident, but rather depends on how it 
is used while driving, including factors such as multitasking or the absence of hands-free. 
Similar findings were reported by Al-Jasser et al. (2018), who found that up to 37.9% of 
collisions among students were related to mobile phone use. Chen et al. (2020) then 
experimentally confirmed that texting significantly increases the likelihood of an accident (up 
to 3.56 times). Perceived safety and mobile device dependence also have a significant impact 
on driver behaviour, as demonstrated by Taylor & Blenner, (2021) and Yeo & Park, (2021). 
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These findings suggest that the crucial aspect of prevention is not the proliferation of 
smartphones per se, but rather targeted education, technological measures and changing driver 
attitudes towards their use while driving. 

RQ2: How many traffic accidents can be caused by mobile phone use while driving in the Czech 
Republic? 

Between 2018 and 2024, between 122 and 173 road accidents were recorded annually in the 
Czech Republic, which were identified as possibly caused by the use of a smartphone while 
driving. The lowest number of accidents was recorded in 2020 (122), which can be attributed 
to mobility restrictions due to the pandemic, while the highest number (173) was recorded in 
2021. The year 2024 ends at 163 accidents, showing the continued relevance of this issue. 
Although the number of accidents fluctuates from year to year, it remains relatively high in the 
long term. Expert studies confirm that mobile phone use fundamentally affects driver attention 
- for example, Fry, (2023) reports that mobile phone distraction increases the risk of a crash by 
up to four times, while Chen et al, (2020) point to an increased likelihood of a collision when 
texting. A study by Al-Jasser et al. (2018) even showed that up to 37.9% of accidents among 
students were directly related to mobile phone use. These results underscore the need for 
implementing effective preventive measures to reduce the use of mobile devices while driving 
and thus reduce the risk of accidents. 

RQ3: Can an effective model be designed to help reduce these accidents? 

Based on the analysis of available data and literature, it can be concluded that designing an 
effective model to reduce the number of accidents caused by mobile phone use while driving is 
both possible and desirable. The model should combine technological measures, such as camera 
systems that detect phone handling, with preventive activities and appropriate legislation. 
Modern machine learning-based approaches for inattention detection, such as the GhostC2f 
model used by Du et al. (2023) or the federated FedBiKD framework by Shang et al. (2023), 
show high detection accuracy while respecting privacy. These approaches not only allow real-
time detection of risky behaviors but also their prediction, which is essential for early 
intervention. In practice, the model could be based on a combination of CCTV surveillance, in-
vehicle warning systems (e.g. acoustic signals) and an offence scoring system. A focus on driver 
education, particularly for young drivers, is also important, where higher rates of mobile phone 
use while driving have been shown in several studies Cordellieri et al. (2022) and Taylor & 
Blenner, (2021). An effective model thus needs to be multidimensional to match the complexity 
of the problem - combining technology, behaviour and policy into a coherent prevention 
framework. 

RQ4: How effective would this model be when used in operation? 

The effectiveness of the proposed model when used in real traffic lies primarily in its ability to 
detect risky driver behaviour early and respond to it immediately. In the results of this work, 
the number of traffic accidents caused by smartphone use was found to fluctuate between 122 
and 173 cases per year, reaching a value of 163 accidents in 2024. Although the number of 
phone users has increased (from 6.8 million to 9.2 million), the number of accidents itself does 
not directly follow this trend. This suggests that the problem lies not in the ownership of the 



phone itself, but in the specific way it is used while driving - i.e. in the behaviour of the driver. 
For this reason, a model combining detection technology with preventive and legislative 
measures could be the key to reducing these accidents. For example, according to Du et al. 
(2023), the GhostC2f model increases detection accuracy by more than 5% while reducing 
computational complexity, making it easier to use even in conventional vehicles. Also, the 
lightweight SqueezeNet model, which according to Sahoo et al., (2023) detected inattention 
with 99.93% accuracy, is suitable for real deployment. If such a model could prevent even a 
third of these accidents, it could mean up to 50 fewer accidents each year - with both human 
and economic benefits. Combined with consistent enforcement and education, the proposed 
system can have a real impact on improving road safety in the Czech Republic. 

Conclusion 

The aim of the work was to identify the number of accidents caused by mobile phone use 
while driving, to propose a preventive model and to verify its effectiveness in operation. This 
objective was fulfilled through content analysis of data from the Centre for Transport Research 
and the Czech Statistical Office, followed by descriptive and regression analysis. 

The research found that between 2018 and 2024, the number of traffic accidents suspected 
to be influenced by smartphone use ranged from 122 to 173 per year. The highest number of 
these accidents was recorded in 2021, and the lowest in 2020. Although the number of 
smartphone users in the Czech Republic increased during this period, no statistically significant 
association was found between this increase and the number of accidents (correlation 
coefficient R = 0.0897; p = 0.848). These results suggest that the possession of a smartphone 
does not in itself pose a risk, but the way it is used while driving is the main risk factor. 

Based on a literature search and analysis of available technologies, a prevention model was 
developed that combines CCTV detection systems, legislative measures and behavioural 
interventions. This model is based on modern approaches to driver attention monitoring and 
uses insights from systems such as GhostC2f and FedBiKD, which allow real-time detection of 
phone tampering. Simulations have shown that if this model could reduce the number of these 
accidents by at least a third, it would reduce the number of accidents by up to 50 per year. This 
result has a significant impact on road safety as well as on the company's economic costs. 

The contribution of this paper is the practical design of a model that can be used by the 
police, traffic infrastructure managers and legislative bodies. The results also highlight the 
relevance of the topic and can serve as a starting point for further research in the field of 
prevention of risky driver behaviour. 

However, the research faces several limitations. The first is the limited accuracy of the data 
regarding the actual cause of traffic accidents, as the influence of the mobile phone is often not 
clearly recorded. Another limitation is the geographical restriction of the research to the Dlouhá 
Louka area and the relatively short time period. These factors may affect the general validity of 
the results. At the same time, it must be taken into account that human behaviour and legislation 
change over time, which may limit long-term prediction. 



Future research should focus on extending the research to a national level, incorporating a 
wider range of data including in-depth investigations of accident causes and testing the 
effectiveness of the proposed model in real traffic. 
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