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KEYWORDS ABSTRACT

School Zone This study comprehensively analyzes pedestrian-runover crash density (the
Traffic Safety number of crashes per square kilometer of district area) in Riyadh’s school zones,
Pedestrian employing advanced Artificial Intelligence (Al) techniques, including Multiple
Spatial Linear Regression (MLR) and Machine Learning (ML), to enhance urban efficiency,

quality of life, and resilience. Data were collected from 884 school zones
distributed across Riyadh, encompassing diverse infrastructural, socioeconomic,
and demographic contexts. The optimized MLR model identified significant
predictors, including district road lengths, average crash severity (EPDO), average
income, population density, and transit stop availability, which collectively
explained approximately 65% of the crash-density variability. The Random Forest
ML model further improved predictive accuracy (R? ~ 0.88), revealing complex,
nonlinear interactions among key variables, including traffic volume, speed limits,
lane counts, crosswalk availability, and student population. Integrating
traditional regression with cutting-edge ML methodologies, this research provides
actionable insights for policymakers, urban planners, and engineers, enabling
targeted, data-driven interventions to enhance pedestrian safety and promote
sustainable, smart urban mobility in Riyadh’s school zones.
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1. Introduction

oad traffic injuries are among the leading causes of death and disability worldwide,
Raffecting millions each year. According to the World Health Organization (WHO, 2023a),

road crashes cause 1.19 million fatalities and over 50 million injuries each year. The high
number of deaths among vulnerable road users, such as cyclists, motorcyclists, and pedestrians,
demonstrates the necessity for specific intervention strategies (WHO, 2023a). Children between
5- and 19-years old face the highest risk among vulnerable road users. The leading cause of death
for children in this age group is crashes, and school zones present additional dangers because of
high pedestrian activity and limited traffic understanding among young students (UNICEF, 2022).

Research shows that childrenbetween 5- and 19-years oldface a high riskof traffic
injuries, especially when walking to and from school (DiMaggio & Li, 2013). The Safe Routes to
School (SRTS) programs in the United States, Canada, and Europe have shown that traffic calming
measures, designated pedestrian crossings, and lower speed limits are effective in reducing these
risks (Lee et al, 2024).However, many developingcountries continue tostruggle with
implementing safety measures in school zones, which results in a higher number of deaths and
injuries (Ehsani et al., 2023). These challenges need to be addressed through predictive modeling,
data-driven decision-making, and systematic interventions thatare tailored tothe local
urban environment.

The last ten yearshave brought substantial progress to SaudiArabia's road safety
measures because the country reduced traffic fatalities from 28 to 18.5 deaths per 100,000 people
between 2016 and 2021,due to enhanced enforcementand better speed monitoring and
road infrastructure (WHO, 2023b). Thecombination of high vehicledependency and
inadequate pedestrian infrastructure withtraffic congestion in urbanschool zones
creates significant safety risksfor pedestrians (Alharbi etal, 2024). Thenational Vision
2030 initiative works to improve roadsafety through advanced transportation technology
and infrastructure development, yet there are still unknown factors about how particular school
zone features influence crash risk.

The immediate danger ofaccidents and deaths from school zone crashes creates additional
publichealth and urbanmobility challenges. Research shows thatdangerous school
travel environments discourage childrenfrom walking or bikingto school, whichleads to
increased obesity rates and reduced physical activity (University of Cambridge, 2019). The safety
of school environments represents both a transportation priority and a public health
necessity. This study analyzes schoolzone crash risksin Riyadh, Saudi Arabia, to
provide evidence-based findings aboutschool environment trafficcrash factors, which
support data-driven safety decisions and targeted interventions.

This research evaluates the Pedestrian-Runover Crash Density (number of crashes per square
kilometer of district area) in school zones of Riyadh, Saudi Arabia, using multiple linear regression
(MLR) and machine learning (ML) methods. The analysis investigates a set of variables, including
road geometry, school attributes, surrounding buffer zones, and district-wide characteristics,
to determine their effecton pedestrian crash frequency.The study employs MLR and MLas
analytical frameworks todiscover statistically significantpredictors of pedestrian crash
density to establish data-driven knowledge about safety risk factors in school zones.

The following sections outline the structure of this paper: Section 2 reviews existing research
on school zone traffic safety from worldwide and regional viewpoints, together with statistical
modeling approaches for pedestrian crash riskassessment. Section 3 explains the study area,
data sources, and analytical framework, which uses MLR and MLregression methods to study
pedestrian-runover crash density and its related influencing factors. Section 4 presents the results
of exploratory data analysis, correlation assessments, and regression modeling, which show the
statistical significance of different predictors, the performance of the optimized MLR model, and
the results of the Machine Learning analysis. The final section of this paper (Section 5) summarizes



the main findings and provides recommendations for improving pedestrian safety in Riyadh’s
school zones.

2. Literature Review

Ensuring traffic safety in school zones is a global priority due to the heightened vulnerability of
children during school commutes. Extensive research has explored the factors influencing school
zone crashes, including roadway design, driver behavior, enforcement policies, and
socioeconomic disparities, to understand their impact on pedestrian safety. While studies from
developed countries emphasize the effectiveness of structured interventions—such as Safe
Routes to School (SRTS) programs, traffic calming measures, and automated enforcement—
research from developing nations highlights challenges like weak enforcement, high vehicle
dependency, and inadequate pedestrian infrastructure, which contribute to disproportionately
higher risks. With the growing application of statistical modeling techniques, particularly MLR,
along with spatial analytics and predictive modeling, recent studies have sought to quantify
pedestrian crash risks and identify high-risk zones. This literature review synthesizes existing
research by examining key predictors of pedestrian-runover crash density, evaluating
intervention strategies, and addressing gaps in current methodologies, particularly in the context
of school zones in developing urban environments like Riyadh.

2.1. Traffic Safety in School Zones: Global Overview

The safety of traffic zones around schools continues to be a worldwide priority because children
face the highest risk as road users when traveling to and from school. Kingham et al. (2011) in New
Zealand observed thatimproved safety measuresled to adecrease in road traffic crashes, but
schooltravel times remained dangerous, thus requiring specificsafety measures.
The combination of weak enforcement together with high traffic congestion and insufficient
pedestrian infrastructure in school zones creates severe trafficsafety challenges according to
research conducted in India and Cameroon (Lordswill et al., 2024; Tetali et al., 2016). Research
shows that pedestrian safety measures, including speed enforcement and designated crossing
zones, effectively decrease accidents inwealthy nations, yetenforcement and
infrastructure limitations hinder progress inlower-income and middle-income countries
(Bahrami et al., 2024; Rothman etal.,, 2017a;). The significant difference between developed and
developing regions demonstrates the immediate requirement for universal safety solutions that
unite infrastructure development with policy execution and community participation to
protect school zones.

2.2. Key Risk Factors Affecting School Zone Safety

The physical design of roadways, along with their intersections, determines how well students
will be protected from risk. According to Zhao et al. (2015), research has proven that poor traffic
control devices, combined with insufficient crosswalks and fast-moving roadways, create
hazardous conditions for pedestrians near schools. Canada and South Korea conducted research
which demonstrates that wideroads combined withuncontrolled crossings and
complicated intersections lead to higher pedestrian injuries yet raised crosswalks and pedestrian
signal controls decrease therisk of injury (Lee etal, 2016; Rothmanet al., 2015). Therisk of
traffic crashes increases in commercial areas with high population density surrounding schools,
while mixed-use neighborhoods with strong pedestrian infrastructure resultin reduced injury
rates (Yu & Zhu, 2016). Accordingto Oh &Kim et al. (2025), school zones representlower risk
areas for pedestrians than commercial and mixed-use destinations that exist after school hours.
School zone crashes primarily stem from the unsafe driving practices of drivers who speed
while their attention is divided between driving and performing traffic violations. The research by
Flanagan and Morgan (2023) demonstrates that dangerous drivingpractices, including
double parking, sudden stopping, and unsafe drop-offs,lead to traffic congestion, which makes



walking dangerous forpedestrians. Hu etal. (2025) analyzed Chinese school zone
accidents during peak morning hours and determined that the highest risk areasexisted in
upstream and outside lanes when students gathered and during peak times before shifting to
middle lanes as dissipation occurred, with lane changes being the most dangerous safety threat.
The observational research by Tetali etal. (2016) and Ivan et al. (2019) showed that children from
lower tomiddle-income communitiesdisplay riskier pedestrian behaviorsince their
neighborhoods lack adequate safety features.

Socioeconomic factors have a substantial impact on the safety measures implemented in school
zones. Research by Faridet al. (2024)and Rothman etal. (2017b) shows that American and
Canadian schoolslocated in low-income neighborhoods face elevated crash statistics because
their infrastructure is substandard, enforcement is weak, and crossing options are limited. The
regulation of traffic enforcement differs widely across countries, as some implement automated
speed cameras, while others face weak enforcement mechanisms (Eun, 2023). Research
conducted in Saudi Arabia and the Philippines demonstrates that school zone safety improves
when policy-based interventions combine more substantial penaltieswith pedestrian
infrastructure investments (Alharbi et al., 2024; Regidor etal., 2023).

2.3. School Safety Interventions and Their Effectiveness

The combination of speed humps with raised crosswalks and flashing beacons proves effective
in lowering school zone crash incidents. Research indicates that Safe Routes to School (SRTS)
programs inthe United States decrease pedestrianinjury rates through their implementation
of traffic calming measures and improved crossing infrastructure (DiMaggio & Li, 2013; Lee et
al,, 2024). Predictive modeling and machine learning (ML) technologies are now used to evaluate
crashrisks while automated speed cameras decrease speedingviolations in countries with
strict enforcement systems (Eun, 2023Zhang et al., 2024).

The supervised ML models of crosswalk-use decisions in dense urban corridors of Dhaka,
Bangladesh, demonstrated how infrastructure design and traffic operations create unsafe
crossing conditions, which Star Rating for Schools (SR4S) audits can use to determine appropriate
countermeasures near schools (Sakib et al,, 2024). Another study on Dhaka schoolchildren’s street
crossing behavior demonstrated that educational programs combined with enforcement
measures and traffic speed control can help minimize dangerous street crossing behavior
(Basunia et al., 2025).

The International Road Assessment Programme (iRAP) protocols use ML and computer-vision
technology to bring risk assessment capabilities to Low- and Middle-Income Countries (LMIC),
which enables authorities to conduct school-area risk assessments at scale and select the most
important locations for SR4S upgrades to deliver proven safety treatments (iRAP, 2025).

The "Al&Me Safe School Zones" program in Vietnam uses artificial intelligence (AI) and ML to
analyze thousands of schools through satellite and Street-View imagery for identifying dangerous
frontage roads, which then directs funding to implement site-specific engineering solutions for
school zone improvements in limited resource cities (AIP Foundation, 2025).

The essential role of education and awareness programs emergesthrough research, which
demonstrates how student safetytraining and parental involvement createsafer school
travel conditions (Eun, 2023; Flanagan & Morgan, 2023).

2.4. Gaps in Existing Research and Future Directions

The research on schoolzone safety hasproduced many findings, but scientists still need to
understand howurban infrastructure interacts with demographic factorsand policy
interventions to affect pedestrian crash risks in rapidly developing cities such as Riyadh. Most of
the existingresearch depends ontraditional statistical methodswith linear assumptions
while failing to explore advanced predictive modeling approaches that detect complex nonlinear



relationships. The existing research lacks comprehensive analytical frameworks that integrate
traffic flow with road geometry, land use, enforcement measures, and socioeconomic conditions.

Theresearch fills existing knowledge gaps through the combination of Multiple Linear
Regression (MLR) modeling with Machine Learning (ML) regression techniques that use Random
Forest modeling to boostprediction accuracy andreveal nonlinear relationshipsbetween
predictors. The predictivepower of MLtechniques exceeds MLR, while MLR
provides interpretable statistical results that help identify risk factors. The study combines spatial
analysis with both MLRand ML techniquesto create aframework that produces evidence-
based, actionable recommendations for specific pedestrian safety interventions in Riyadh's school
Zones.

3. Methodology

Riyadh, the capital of Saudi Arabia, serves as the political, economic, and cultural hub of the nation.
With a population of 8,591,748 in 2022, it is the largest city in the country, characterized by rapid
urbanization, extensive road networks, and a strong reliance on private vehicle transportation
(Datasaudi, 2025). Under Vision 2030, the Saudi government has been actively working to
improve road safety and sustainable urban mobility, recognizing traffic congestion and pedestrian
safety as key challenges. The educational infrastructure of Riyadh consists of 1,430,320 students
and 105,942 teachers, who are distributed across its schools (Datasaudi, 2025). The average
student enrollment per school reaches 240, while the average number of teachers per school
amounts to 17.8, which demonstrates the high density of schools and the need for specific traffic
safety measures around these facilities (Datasaudi, 2025). The rising student enrollment and
expanding urban areas make it essential to analyze school zone traffic risks in Riyadh to create
data-based safety solutions.

This study investigates 884 school zones located throughout all districts and municipalities of
Riyadh City, as shown in Figure 1. The chosen schools represent various socioeconomic and
infrastructural settings, providing complete spatial coverage of the city. The extensive geographic
areaenables researchers tostudy pedestrian-runover crash density while examining
roadway features, urban development patterns, and traffic condition variations. This research
combines data from multiple school environments to establish city-wide school zone safety
insights, which generate evidence-based policy recommendations for addressing both specific
risk factors and general urban mobility issues.

Figure 1. Map of Selected School Zones and Their Distribution Across All Districts and Municipalities of
Riyadh City (Left), School Buffer Zone and Block Boundaries (Right).
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School zones in Riyadh represent high-risk areas for pedestrian safety, mainly due to the
significant interaction between vehicles and schoolchildren during peak commute hours. School



buffer zones have been delineated to address these risks, incorporating a combination of early
warning zones and speed reduction zones. The analysis considers relevant spatial data within 200
and 300 meters of school boundaries (Figure 1) to assess contributing factors such as road
geometry, pedestrian infrastructure, and traffic control measures. The database was developed
and organized using ArcGIS Pro (Esri, 2025). The dataset was characterized by attributes at four
levels:

e School Level: Number of classes, students, teachers, and administrators.

e District Level: Road lengths, school density, land use (commercial/mixed-use area),
pedestrian-runover crash density, average deaths/injuries, average income, population
density, and population 6-18 years percentage.

e School Buffer Zone Level: Traffic flow, vehicle speed, intersections, and transit stop
availability.

e School Adjacent Block Level: Number of lanes and average speed.
Table 1 provides a detailed list of the studied variables, categorizing them according to their
relevance to school zones, district-level influences, and school characteristics.

Table 1. Summary of Studied Variables.

Category Variable Name Description
1 No. of Classes The total number of classrooms in the school.
School 2 No. of Students The total student population enrolled at the school.
Characteristics 3 No. of Teachers The total number of teachers employed at the school.
4 No. of Administrators The total number of school administrative staff.
5 Road Lengths The total length of roads in the district (km) per District
(Km/District Area) Area (km?)
School Density _
2
6 (School/District Area) The number of schools per District Area (km?)
The percentage of district land allocated for commercial
7 Commercial/Mixed-Use or mixed-use purposes =
Land Use Area (%) (Total Area of Commercial/Mixed-Use / Total Area) x 100
%
Average Deaths/Injuries The average number of traffic-related deaths and injuries
8 g ) in the district (Years: 2018 - 2023) =
2
L (EPDO/ km?) [12x (no. of deaths) + 5 x (no. of injuries)] / District Area
District
Characteristics Average Income
9 The average income level of residents in the district.
(SAR/Capita per Year)
10 Population Density The number of residents per unit area in the district =
(Capita / km?) Population (capita) / Area (km?)
The percentage of the district’s population aged 6-18
11 Population 6-18 Years years =
(%) Population in the Age Group (6-18) Years (Capita) + Total
Municipality Population (Capita)
Pedestrian-Runover The number of pedestrian runover crashes per district
12 Crash Density area (Years: 2018 - 2023) =
(Crash/ km?) Pedestrian Runover Crashes / Area (km2)
13 Buffer Average Speed The average vehicle speed (km/hour) within the school

(km/hour)

buffer zone.



Buffer Average Flow The average traffic volume per hour within the school

14
(Vehicle/hour) buffer zone.
School Buffi
choo? Bufler . The number of intersections within the school buffer
Zone 15 Number of Intersections
- zone.
Characteristics
16 Number of Transit Stops The number of public transit stops within the school
buffer zone.
17 Average Number of The average number of lanes in streets adjacent to the
Adjacent Block Lanes school.
Street
Characteristics 18 Average Speed The average speed of vehicles on streets adjacent to the
(km/hour) school.

Source: Own elaboration, 2025.

This research implements MLR modeling to perform a detailed analysis of Pedestrian-Runover
Crash Density (number of crashes per km? of district area) in school zones across Riyadh, Saudi
Arabia. This research model uses quantitative methodsto examine the relationships between
roadway characteristics, demographic attributes, and infrastructure elements to determine their
effects on pedestrian-related traffic incidents.

The statistical modeling technique MLR enables researchers to establish relationships between
dependent variables and multiple independent variables according to Kutner et al. (2005). The
technique demonstrates exceptional effectiveness in determining how multiple factors affect
outcomes, makingit suitable for traffic safety research involving various
environmental, infrastructural, and demographic elements that lead to crashes (Washington et al.,
2020). MLR provides stronginterpretability together with flexibility and continuousand
categorical predictor handling capabilities, which enable researchers to assess variable effects on
pedestrian-runover crash density through a clear statistical framework (Washington et al., 2020).
The statistical inference capabilities of MLR allow researchersto determine which factorsare
statistically significant and how they affect crash frequency (Montgomery et al., 2021). This study
utilizes MLR to analyze relationshipsbetween various characteristicsand variables
with pedestrian crash density because this approach deliversan explainable model which
guides policy recommendations and urban planning strategies for improving school zone safety.

Mathematically, an MLR model is expressed as (Montgomery, 2017; Alomari et al., 2016):

Y= Bo + B1X1 + BzXz +eee + Bka + & (1)

Where:
e Yis the dependent variable (Pedestrian-Runover Crash Density in this study).

e Xji, Xz, .., Xk are the independent (predictor) variables, representing various factors
influencing pedestrian crashes.

e [ is the intercept, representing the baseline pedestrian crash density when all predictor
variables are zero.

e fB1,B2 - Bkare the regression coefficients, which indicate the expected change in Y for a
one-unit change in the corresponding X| variable, holding all other variables constant.

e ¢gisthe error term, capturing unobserved factors and random variability in the data.

The first step of MLR required Variance Inflation Factor (VIF) analysis to check for
multicollinearity between predictors. The analysis eliminated all variables that showed VIF values
above 10 to reduce multicollinearity. The evaluation of remaining variables occurred through two
criteria, which included statistical significance at p < 0.05 and their capacity to improve model
interpretability and their influence on Akaike Information Criterion (AIC) and Bayesian



Information Criterion (BIC) values. The model selection process involved removing non-
significant or redundant predictors until the model fit no longer improved through additional
deletions, resulting in the retention of only independent and meaningful predictors. The
optimization process improved the stability and reproducibility and reduced the complexity of
the MLR model.

The Multiple Linear Regression (MLR) results received additional support through the
implementation of machinelearning (ML) regression models, whichincluded k-Nearest
Neighbors (KNN), Decision Tree, and Random Forest regressors. The KNN method uses observed
values from the k most similar school zones in feature space to predict crash density (James et al.,
2021). Decision Trees use feature thresholds to divide data into smaller homogeneous groups,
which lead to outcome predictions (Mienye & Jere, 2024).

For ML models, all available predictors were initially considered. The model development
process included a 10-fold cross-validation procedure, which helped to achieve strong
performance and prevent overfitting during both model development and hyperparameter
optimization. The dataset received a random partition that split it into ten equal parts for each
iteration, with nine parts dedicated to training and one part used for validation. The experiment
ran ten times with performance results from each fold combined to obtain an unbiased prediction
accuracy measurement. The cross-validation framework employed grid search to determine the
optimal set of hyperparameters (e.g., the number of neighbors k in KNN, maximum tree depth,
and the number of estimators in Random Forest).

The Random Forest model served as the main ML model because it provided the best predictive
results according to Probstet al. (2020). The Random Forest regressor generated feature
importance rankings, which helped identify the most critical variables while maintaining
interpretability and achieving good predictive results and efficient computation.

Random Forest creates multiple decision trees that receive training from bootstrapped data
samples and random subsets of predictor variables. The ensemble averaging method produces a
stable prediction by combining predictions from all trees, which leads to better accuracy and
reduced overfitting. The Random Forest prediction (¥) can be expressed as (Pedregosa et al,,
2011):

?=% 5:1 fo(X) (2)

The prediction output from the bt decision tree is denoted by f;(X) while B represents the
total number of treesin the ensemble. Random Forests excel at detecting intricate, nonlinear
patterns between features, which proves essential for understanding pedestrian crash risks
across different urban settings. Thestudy selected Random Forest as itsprimary ML
method because of its strong predictive power, its ability to provide interpretable results through
feature importance measures, and its resistance to noise.

4. Analysis & Results

The analysis of pedestrian-runover crash density in Riyadh’s school zones relies on MLR and ML
modelingin this section. The analysis starts with Exploratory Data Analysis (EDA) to present
essential statisticswhile showing distribution patterns anddetecting relationships
between variables. The analysis results guide the selection of variables and transformation
methods for predictive modeling. The study implements MLR to establish relationships between
roadway characteristics, demographics, school zone features, and traffic conditions that affect
pedestrian crash frequency.

The following section evaluates model performance and variable significance while using
Variance Inflation Factor (VIF) analysisto address multicollinearity for statistical validity. The
optimization process involves selecting variables again while removing redundant elements to
enhance both predictive accuracy and efficiency. The comparison betweenthe original



MLR model and itsoptimized version demonstrates better model robustness together with
improved interpretability.

The predictive performance of the MLR model is validated through visualization techniques
and statistical metrics such as Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and
R-squared (R?) to compare actual versus predicted crash densities. The obtained insights enable
the identification of dangerous school zones, which supports evidence-based policy development
for specific pedestrian safety measures.

4.1. Exploratory Data Analysis (EDA)

The exploratory data analysis(EDA) included completestatistical summaries ofdata
characteristics, distributionanalysis, and correlation identification for keyvariables. The
EDAresults led tothe selection of appropriate variables for feature engineering through the
identification of relevant predictors for pedestrian-runover crash density prediction.

This method enabled the selection of important predictors, which improved the accuracy and
effectiveness of the resulting models to support proactive decision-making for targeted traffic
safety interventions. Table 2 contains summary statistics that describe the main characteristics of
the dataset (884 school zones), which provides critical information about the central tendencies,
variability, and distribution of variables used in predictive modeling.

Table 2. Summary Statistics.

Mean Std Min 0.25 0.5 0.75 Max
1 School Number of Classes 25.10 16.0769 1.0 13 20 33 99.0
2 School Number of Students 610.0 519.5201 0.0 235 457.5 854.25 2960.0
3 School Number of Teachers 43.97 29.9148 0.0 23 33.5 58 174.0
4 School Number of 1507 | 182166 0.0 2 6 20 80.0

administrators
District Road Lengths
5 22.50 7.2965 2.36 199 22.92 25.32 56.68
(Km/District Area)

6 District School Density 7.24 43320 | 00666 @ 3.12 7.68 10.59 22.62

(School/District Area km?)

District Commercial-Mixed-Use
7 Land Use Area (%) 19.21 11.8551 0.0005 8.80 18.56 28.1 84.31

District Average Deaths/Injuries

(EPDO/ District Area km?) 21.89 12.5263 0.0 14.655 19.58 29.7 91.12
District Average Income
9 91461.9 24337.81 24000.0 81600 93600 104400 | 248400.0
(SAR/Capita per Year)
District Population Density
10 10719.7 7685.17 31.26 6232.74 9727.7 3025.54 | 49093.2
(Capita / District Area km?)
11 | District Population 6-18 Yrs (%) 17.79 8.0170 1.77 13.04 17.61 21.14 76.57
District Pedestrian-Runover
12 Crash Density (Crash/ District 1.81 1.5082 0.0 0.79 1.44 2.29 11.66
Area km?)
13 Buffer Average Speed 43189 | 23989 40.0 41.50 42.63 44.38 55.17
(km/hour)
14 Buffer Average Flow 1619.09 | 1329.06 = 500.0 | 59559 | 127879 & 1867.95 & 8730.41
(Vehicle/hour)
15 | Buffer Number of Intersections 41.344 15.9936 8.0 32 39 47 138.0

16 | Buffer Number of Transit Stops 1.068 1.4324 0.0 0 0 2 7.0



17 | Block Average Number of Lanes 2.300 0.6053 2.0 2 2 2.5 8.0
18 Block Average Speed (km/hr) 41.711 3.6713 40.0 40 40 42.42 80.0
Source: Own elaboration, 2025.

The summary statistics table reveals critical insights into the characteristics of school zones
and their surrounding environments in Riyadh. Notably, pedestrian-runover crash density varies
significantly across districts, ranging from 0 to approximately 11.664 crashes/km? with an
average of about 1.810 crashes/km?, indicating substantial variability in crash frequency.
Similarly, the severity indicator (EPDO) shows considerable variation, averaging around 21.889
EPDO/km? with a maximum reaching 91.120, reflecting high variability in the severity of
pedestrian crashes across school zones. Additionally, the data highlights substantial differences
in school-related attributes (e.g., student numbers, class sizes, teacher counts) and surrounding
traffic conditions (e.g., average flow, intersection density). These observed variabilities underline
the importance of tailored, context-specific interventions to effectively enhance pedestrian safety
around schools in diverse urban settings.

Correlation analysis is a critical component of data preprocessing that enhances predictive
modeling by identifying relationships among variables influencing pedestrian and traffic safety in
school zones. The correlation heatmap below (Figure 2) illustrates relationships among key
numerical variables in the dataset, providing insights into which factors most significantly
influence pedestrian-runover crash density and severity (EPDO) in school zones.



Spatial Pedestrian Safety in Riyadh School Zones: A Data-Driven Approach

Figure 2. Correlation Matrix Heatmap for All Indicators.
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The correlation heatmap provides valuable insights into the relationships between different
variables affecting pedestrian-runover crash density in Riyadh’s school zones. One of the most
significant observations is the strong positive correlation between District Pedestrian-Runover
Crash Density and District Average Deaths/Injuries (EPDO per km?) (r = 0.66). This suggests that
areas with high pedestrian crash densities also experience more severe traffic incidents.
Additionally, pedestrian-runover crash density exhibits a notable positive correlation with
District Population Density (r = 0.67) and District School Density (r = 0.35), indicating that highly
populated areas and those with more schools per unit area tend to have a higher frequency of
pedestrian crashes. This is expected as increased foot traffic, particularly from students and young
pedestrians, naturally increases the likelihood of pedestrian-related crashes. Lastly, Buffer
Number of Intersections (r = 0.46) and District Road Lenths (r = 0.63) is positively correlated
with pedestrian crashes, meaning that areas with more intersections and roads tend to witness
more pedestrian-runover incidents. This is logical, as intersections/roads increase pedestrian
exposure to vehicles, particularly if pedestrian crossings and safety measures are inadequate.

On the other hand, there are some noteworthy negative correlations. For instance, District
Average Income has a moderate negative correlation with Pedestrian-Runover Crash Density (r =



-0.50), implying that wealthier areas tend to experience fewer pedestrian crashes. This could be
attributed to enhanced infrastructure, improved pedestrian facilities, or driving behaviors.
Another interesting negative correlation is between Block Average Speed and District School
Density (r  -0.26), suggesting that areas with higher concentrations of schools tend to have lower
average speeds, likely due to traffic calming measures or increased congestion.

Furthermore, Block Average Number of Lanes and Average Speed (r = -0.05 and -0,06, weak
correlation) does not seem to have a substantial impact on pedestrian crashes, which might
indicate that the number of lanes alone is not a defining factor in pedestrian safety, but rather a
combination of lane width, traffic volume, and other pedestrian infrastructure. These insights can
inform urban planners and policymakers about key risk factors and guide the implementation of
targeted pedestrian safety interventions.

4.2. Multiple Linear Regression (MLR) Model

To predict pedestrian-runover crash density in school zones across Riyadh, an MLR model was
developed. The model examines how various factors—such as road network characteristics,
school density, land use patterns, and traffic conditions—contribute to the frequency of
pedestrian-related crashes. The dependent variable in the analysis is the pedestrian-runover
crash density (crashes per km? of district area), while the independent variables include school-
related attributes, district level features, school buffer zone characteristics, and school adjacent
block level factors. This approach provides a baseline model for understanding pedestrian crash
risks and serves as a foundation for more advanced predictive models.

The MLR model demonstrates strong explanatory power, with a coefficient of determination
(R-squared) value of 0.653, indicating that 65.3% of the variance in pedestrian-runover crash
density can be explained by the selected independent variables. The adjusted R-squared value of
0.646 further confirms that the predictors meaningfully contribute to explaining the dependent
variable. Additionally, the model yields an F-statistic of 95.68 (p < 0.001), confirming that the
overall model is statistically significant. Table 3 summarizes the model's performance metrics.

Table 3. Model Performance & Fit.
Adjusted R- . . . Prob (F- Log-
squared LRI statistic) Likelihood
Value 0.653 0.646 95.68 <0.001 -1149.8 2336.0 | 2422.0

Source: Own elaboration, 2025.

Metric R-squared AIC BIC

The independent variables in the model have varying degrees of significance in predicting
pedestrian-runover crash density. Table 4 presents the coefficient values, statistical significance
(p-values), and confidence intervals for all variables.

Table 4. Variables & Their Influence.

Variable Coeff, p- Lower Upper

| .
value 95%CI  95% CI nterpretation

The baseline crash density when

1 Constant 1.7867 0.291 -1.533 5.107 .
all predictors are zero.

More classes may slightly
2 | School Number of Classes | 0.0115 0.088 -0.002 0.025 increase pedestrian crashes,
though not strongly significant.

More students are associated
School Number of

3 -0.0003 0.041 -0.001 -1.29e-05 with a slightly lower crash
Students .
density.
4 School Number of 20,0022 0.463 -0.008 0.004 No significant impact on

Teachers pedestrian crashes.



5 School. Number of -0.0037 0.184 -0.009 0.002 No 51gn1f1c.ant impact on
Administrators pedestrian crashes.

M dlengthi iated
District Road Lengths oreroadength 15 associate

6 (Km/District Area) 0.0264 0.003 0.009 0.043 with higher ped.estrlan crash
density.
District School Density More schools per area might
7 (School/District Area 0.0170 0.120 -0.004 0.038 increase crash density but is not
km?) statistically significant.
District Commercial- More commercial land use ma;
8 | Mixed-Use Land Use Area | -0.0056 | 0.088 -0.012 0.001 . may
%) slightly reduce crash density.
District Average Higher crash severity correlates
9 | Deaths/Injuries (EPDO | 0.0467 = <0.001 = 0.041 0.052 & Y
2 with more pedestrian crashes.
per km?)
District Average Income | -1.359e- Higher-income areas tend to have
.001 | -1.69e- -1.03e-
10 (SAR/Capita per Year) 05 <0.00 69¢-05 03¢-05 fewer pedestrian crashes.
District Population . . .
11 | Density (Capita / District | >20/¢ | <0.001 | 1.65¢-05 492e-05 @ | ligherpopulation density
2 05 increases pedestrian crashes.
Area km?)
12 District Population 6-18 20,0091 0.066 -0.019 0.001 No 51gn1f1c.ant impact on
Years (%) pedestrian crashes.
13 Buffer Average Speed 0.0158 0.678 -0.059 0.091 . Speed does niot mgmflcantl}f
(km/hour) impact pedestrian crash density.
Buffer Average Flow -8.636e- Traffic flow does not significantly
14 (Vehicle/hour) 05 0.154 0.000 3.25e-05 impact pedestrian crash density.
Buffer Number of More intersections do not

15 ) 0.0014 0.576 -0.004 0.007 significantly impact pedestrian
Intersections i
crash density.

16 Buffer Number of Transit 0.0438 0.051 -0.000 0.088 . More transit stqps slightly
Stops increase pedestrian crashes.
17 Block Average Number of 0.2758 0.168 0117 0.669 No 51gn1f1c.ant impact on
Lanes pedestrian crashes.
18 Block Average Speed 20,0429 0.199 -0.108 0.023 No 51gn1f1c.ant impact on
(km/hr) pedestrian crashes.

Source: Own elaboration, 2025.

The results indicate that several factors significantly influence pedestrian-runover crash
density in school zones. The most impactful predictors (p < 0.05) include District Average
Deaths/Injuries, District Roads Length, District Population Density, and District Average Income,
where higher crash severity, longer road networks, and denser populations contribute to
increased crash density, while higher-income areas are associated with lower crash risks.
Conversely, other variables, such as Buffer Speed, Number of Lanes, and Number of Intersections,
do not show statistically significant effects (p > 0.05), suggesting that these infrastructure
characteristics may not directly determine pedestrian crash risks. School-related variables exhibit
mixed results, with School Number of Students being slightly negatively correlated with crash
density, possibly due to enhanced safety measures in high-student-density areas, while School
Number of Classes shows a weak positive association, indicating that more dispersed classrooms
may increase pedestrian exposure. These findings provide valuable insights into the key factors
contributing to pedestrian crash risks and highlight the need for targeted interventions to
improve school zone safety.

Multicollinearity was assessed using the Variance Inflation Factor (VIF) to determine if
independent variables were highly correlated, potentially affecting model reliability. The VIF



results highlight that some predictors exhibit multicollinearity concerns, particularly school-
related variables and road network attributes. High VIF values (>10) suggest a strong correlation
between these variables, as shown in Table 5.

Table 5. Multicollinearity Considerations and Check.

Variable VIF
School Number of Classes 12.95
School Number of Teachers 8.62
School Number of Students 6.70
Buffer Average Speed 9.12
Buffer Average Flow 7.10
Block Average Number of Lanes 16.07
Block Average Speed 16.43
All other variables <5.0

Source: Own elaboration, 2025.

Since several Variance Inflation Factor (VIF) values exceeded 5, signaling potential
multicollinearity among independent variables, all variables with VIF above 10 were
systematically removed to enhance model stability and reliability. This refinement ensures that
each predictor contributes independently to the regression model, reducing redundancy and
improving interpretability. Table 6 presents the Optimized MLR Model Summary, highlighting the
refined coefficients and statistical significance of the remaining variables. Additionally, Table 7
provides a comparative analysis of the Original vs. Optimized MLR Model, demonstrating
improvements in model efficiency, multicollinearity reduction, and overall predictive robustness.

Table 6. Optimized MLR Model Summary
Std.

Variable Coeff. Err t P>|t]  0.025 0.975
1 Constant 0.751 1.476 0.509 0.611 -2.146 3.648
8.35E-
2 School Number of Students -0.0001 0 -1.143 | 0.253 0 05
3 School Number of Teachers 0.0017 0.002 0.824 0.41 -0.002 0.006
4 School Number of Administrators -0.005 0.003 -1.85 0.065 -0.01 0
5 District Road Lengths (Km/District Area) 0.0259 0.009 2965 | 0.003 0.009 0.043
6 District School Den::zl)(School/Dlstrlct Area 0.0194 0.011 1791 0.074 -0.002 0.041
District Commercial-Mixed-Use Land Use
7 15t tal- -0.0054 0003 | -167 | 0095 | -0012 & 0.001
Area (%)
8 District Average Delz:tl:j/ln]urles (EPDO per 0.0467 0.003 16276 | <0.001 | 0.041 0.052
m
District Average Income (SAR/Capita per -1.75E- | -1.11E-
9 1strict Averag (SAR/Capita p 1.43E-05 | 162E-06 | -8.843 | <0.001 - 75E 1.11E
Year) 05 05
10 DlStl‘l.Ct Pol.)ul:f\tlon Denszlty 330E-05 | 8.31E-06 397 | <0.001 1.67E- | 4.93E-
(Capita / District Area km?) 05 05
11 District Population 6-18 Years (%) -0.009 0.005 -1.806 0.071 -0.019 0.001
12 Buffer Average Speed (km/hour) 0.0147 0.037 0.4 0.689 | -0.057 | 0.087
. 2.74E-
13 Buffer Average Flow (Vehicle /hour) -8.90E-05 | 5.93E-05 | -1.501 | 0.134 0 05
14 Buffer Number of Intersections 0.0016 0.003 0.629 0.53 -0.003 0.007
15 Buffer Number of Transit Stops 0.0442 0.022 1.996 | 0.046 0.001 0.088

Source: Own elaboration, 2025.



Table 7. Comparison of Original vs Optimized MLR Model.

Metric Original Model Optimized Model
R-squared 0.65255507 0.65061962
Adjusted R-squared 0.64573456 0.64499093
F-statistic 95.6753733 115.590029
Prob (F-statistic) 2.99E-185 2.74E-187
AIC 2335.65255 2334.56324
BIC 2421.77277 2406.3301

Source: Own elaboration, 2025.

The optimized MLR model maintains a strong predictive power while addressing
multicollinearity issues. The R-squared value remains nearly unchanged (0.653 — 0.651),
indicating that the model continues to explain approximately 65% of the variance in pedestrian-
runover crash density. Similarly, the Adjusted R-squared value remains stable (0.646 — 0.645),
confirming that removing of high VIF variables did not significantly impact the explanatory
capability of the model. This stability suggests that the refined model still captures the key
relationships between independent variables and pedestrian crashes while eliminating
redundancy.

In terms of model efficiency, the F-statistic increased from 95.68 to 115.59, indicating a more
substantial statistical significance and improved efficiency in explaining the dependent variable.
Additionally, the Akaike Information Criterion (AIC) decreased slightly (2335.65 — 2334.56),
suggesting that the optimized model achieves better performance with fewer predictors, making
it more parsimonious. Notably, the p-value for the F-statistic remains highly significant (p <
0.001), reinforcing the overall reliability and robustness of the optimized model.

The most significant improvement occurs through the reduction of multicollinearity. The
Variance Inflation Factor (VIF) values are now below 5, which confirms that multicollinearity
concerns have been successfully mitigated. The improvement strengthens boththe stability
and reliability of estimated coefficientsbecause each predictornow makes independent
contributions tothe model withoutexcessive correlation. Themodel becomes more
interpretableand statistically valid after removing School Number ofClasses, Block
Average Number of Lanes, and Block Average Speed, which results ina more reliable tool
for identifying high-risk pedestrian crash zones.

4.2.1. Evaluation and Validation of the Optimized MLR Model

The evaluation of regression model performance requiresa comparison betweenactual and
predicted values.The comparison betweenactual and predicted values helpsdetermine the
ability of the optimized MLR model to generalize to real-world pedestrian-runover crash density
predictions. The model demonstrates an effective understanding of independent variables and
pedestrian crashes when actual values match predicted values. The model demonstrates
overfitting, underfitting, or missing predictor variables that affect pedestrian crash density when
there are significant deviations between actual and predicted values. The actual vs. predicted
value visualization enables both quantitative and intuitive assessment of model reliability and
accuracy, which guides future model improvements and real-world deployments.

The scatter plot of Actual vs. Predicted pedestrian-runover crash density (Figure 3) visually
represents the relationship between observed crash densities and model-generated predictions.
Ideally, if the model were perfect, all data points would lie exactly on the red dashed 1:1 reference
line, meaning the predicted values would match the actual values perfectly. In this plot, most data
points cluster closely around this ideal line, demonstrating that the model makes reasonable and
accurate predictions. However, some deviations are present, particularly at higher crash densities,
indicating that while the model captures general trends effectively, it may have some limitations
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in extreme cases. These insights help assess the consistency of the model’s predictions across
different districts, reinforcing its usability in prioritizing high-risk pedestrian crash zones.

Figure 3. Actual Vs. Predicted Values (Optimized MLR Model).
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The optimized model evaluation metrics further quantify the predictive performance of the
model, as shown in Table 8. The Mean Absolute Error (MAE) of 0.59 indicates that, on average, the
predicted pedestrian-runover crash density deviates from actual values by approximately 0.59
crashes per km?, providing an easy-to-interpret measure of error. The Mean Squared Error (MSE)
of 0.79 emphasizes the impact of larger errors by squaring them, while the Root Mean Squared
Error (RMSE) of 0.89 converts this squared error back to the original scale of the dependent
variable, making it a useful benchmark for understanding the expected error magnitude. The R-
squared (R?) value of 0.651 suggests that the model explains approximately 65% of the variability
in pedestrian-runover crash density, demonstrating a strong predictive capability while leaving
room for further improvements.

Table 8. Optimized Model Evaluation Metrics.

Metric Value

Mean Absolute Error (MAE) 0.5945
Mean Squared Error (MSE) 0.7938
Root Mean Squared Error (RMSE) 0.8909
R-squared (R?) 0.6506

Source: Own elaboration, 2025.

The optimized MLR model operates successfully as a deployed system, which has proven its
predictive accuracy through visual analysis and performance evaluation. The Actual vs. Predicted
scatter plotdemonstrates that the model matches real-world pedestrian crash densities
because its clusters around the 1:1 reference line, which indicates strong predictive accuracy. The
model exhibits minor deviations at higher crash density levels, yet it maintains its ability to detect
risky school zones. The performance metrics demonstrate the model's effectiveness through
itsMAE (0.59), which indicateslow average error, andits RMSE (0.89), which provides
anunderstandable error measurement. The R? value of 0.651shows that the model explains



asignificant amount of variancein pedestrian crash density, which makesit useful forurban
planners and traffic safety analysts.

4.2.2. Discussion

The results of this study align with international research on what makes pedestrian zones safer.
This analysis supports Rothman etal. (2015) in Torontoand Ivan etal. (2019) in Bucharest
because it shows thatpedestrian-run-over crash density depends on population density and
roadway infrastructure, including road length and average speed. The research confirms that
increased pedestrian crash risks appear in urban areas with dense populations and extensive road
networks. The study confirms socioeconomic effectson pedestrian safety, which matches
Rothman etal.'s (2017b) findings about how socioeconomic inequalities determine Toronto
school-aged child pedestrian injury rates. Thesteady relationship between income levels
and pedestrian safety outcomes demonstrates why socioeconomicfactors need to
be incorporated into school zone safety improvement plans.

The current study differs from previous research regarding specific roadway characteristic
effects. The study found no statistical significance in Riyadh regarding traffic speed androad
geometry effects on pedestrian crashes, although Zhao et al. (2015) and Forward etal. (2025)
demonstrated their importance intheir research. The differencesbetween this research
and previous studies likely result from Riyadh-specific urban planning regulations, infrastructure
standards, traffic enforcement methods, and local urban planning policies. The studies conducted
by Yu and Zhu (2016) and Bahrami et al. (2024) emphasize traffic congestion and intersection
complexity as essential predictors, butthis study showed that thesefactors did notaffect
pedestrian crash density in Riyadh. The findings demonstrate the need to develop locally specific
interventions instead of using generic solutions that originate from different areas.

The optimized MLR model established in this research produces strong interpretable results
that match previous studies. The model supports policy strategies to improve pedestrian facilities,
speed enforcement, and crossing enhancement programs that effectively reduce school area crash
risks.

4.3. Machine Learning Analysis

In this section, wepropose a regression-based machine learning (ML) model to predict
continuous pedestrian crash density in each school zone rather than grouping theminto broad
risk levels. This way, authorities can assign priorities to the risk areas according to the magnitude
of risk and then allocate their safety resources (Shuai & Kwon, 2025). The use of such predictive
modeling has been supported bythe latest research, for instance,a nationwide studyin the
U.S.employed a Random Forestregressor to predict crash countsat locationswith high
accuracy and useful information for preventive road safetyinterventions (Yamarthi et al,
2025). Our analysis follows this approach by examining various ML regression models to select
the best one for estimating school-zone crash density.

Some of the regression algorithms that have been used extensively in transportation safety
researchinclude k-Nearest Neighbors (KNN) regressor, Decision Tree, and Random Forest.
These models range fromsimple instance-based prediction (KNN)to single-tree decision
rules and ensemble tree-based methods. Random Forest ensemble method was chosen because it
hasbeen shown to beeffective in handling non-linear relationships and interactions in the
data and has been found to produce better predictions than traditional statistical models (Donnell
et al, 2020). The available datasetof school zones wasused for trainingand validation ofthe
models, and each zone was characterized by its features (e.g., traffic volume, road attributes, and
environmental factors) and the observed pedestrian crash density. Hyperparameter tuning
was done for each model (e.g., the number of neighbours kin KNN, maximum tree depth, etc.)
using cross-validationto ensure thatthe models were compared fairly. The performance of
the models was evaluated using the coefficient of determination (R?) and error metrics such as



Root Mean Squared Error on a held-out test set. The model that performed best in the test set -
the Random Forest regressor in this case - was chosen for further analysis of its predictions and
the underlying factors.

4.3.1 Methods

For the regression task, the dataset was structured such that each entry corresponds to a specific
school zone, described by various predictive features and the target variable of pedestrian crash
density (e.g., crashes per unit area or some standardized exposure). Key predictor variables
included traffic exposure metrics (such as average daily traffic volume), road geometric features
(number of lanes, presence of crosswalks, speed limit, etc.), and surrounding environmental
characteristics (land use, student population, etc.). All features were normalized or encoded
appropriately for use in the ML models. We split the data into training and testing sets to enable
an unbiased evaluation of each model’s predictive performance.

We trained three ML regressors on the training data by using (1) k-Nearest Neighbors (KNN)
to predict crash density from similar school zones in the feature space, (2) Decision Tree tolearn
a hierarchy of if-then rules for data partitioning, and (3) Random Forest as an ensemble of many
decision treesthat votes on the prediction. Model hyperparameterswere optimized using
grid search and cross-validation on the training set. The number of neighbors k in KNN was tuned,
and the depth and number of treesin the Random Forestwere adjusted tobalance bias and
variance. We also employed techniques suchas early stoppingor pruning (for trees)and set
aside a portion of training data for validation to prevent overfitting. The performance of each final
model was then assessed on the test set using R* (which indicates the proportion of variance in
crash density explained) and error metrics like Mean Absolute Error (MAE) or Root Mean Squared
Error (RMSE).

Table 9 summarizes the performance of the three regression models on the test dataset. The
Random Forest regressor achieved the highest accuracy with an R? ofabout 0.88 and the lowest
prediction error (RMSE ~0.56). The Decision Tree model showed moderate performance (R?
~0.68), while the KNN regressor trailed with R? around 0.56. This ranking is consistent with
expectations and literature, as ensemble tree methods tend to outperform simpler models for
crash predictiontasks (Donnell etal., 2020). Given its superior performance, we focus our
subsequent results on the Random Forest model.

Table 9. Test set performance of different regression models for predicting pedestrian crash density in
school zones.

Regression Model R? (Test) RMSE (Test)

k-Nearest Neighbors 0.56 1.01
Decision Tree 0.68 0.85
Random Forest 0.88 0.56

Source: Own elaboration, 2025.

4.3.2 Regression Results

The Random Forest regression model, having the best performance, was used to predict
pedestrian crash densities for all school zones in the test set (Figure 4). Overall, the model’s
predictions show a strong agreement with observed values. The coefficient of determination R? ~
0.88 suggests that roughly 88% of the variability in crash density across school zones is explained
by the model - a notably high proportion for crash data, which are often noisy. In practical terms,
this level of accuracy means the model can reliably distinguish higher-risk zones (with elevated
crash densities) from lower-risk ones in a continuous spectrum, providing a nuanced risk estimate
for each location.

Each blue “x” represents a school zone; points lying on the red dashed line indicate a perfect
prediction (Predicted = Actual). The clustering of points around the diagonal line reflects the
model’s strong performance - most zones’ predicted crash density is close to the observed value.
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A few outliers can be seen where the prediction error is larger (points farther from the line).
However, no systematic bias is evident (the errors are relatively symmetrically scattered around
the line). This suggests that the Random Forest did not consistently over-predict or under-predict
across the range of crash densities but rather captured the trend well while occasional deviations
likely correspond to zones with unique, hard-to-predict conditions.

Figure 4. Predicted vs. actual pedestrian crash density for each school zone in the test set, using the
Random Forest model.
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Beyond overall accuracy, we examined the Random Forest model to identify which features
were most influential in predicting crash density. The model’s ensemble of trees enables the
computation of feature importance values, indicating the extent to which each predictor
contributes to reducing prediction error. Figure 5 presents the top-ranking features by their
relative importance. The horizontal axis shows the relative importance (contribution to reducing
prediction error) of the top five features. Traffic Volume (vehicle flow through the school zone) is
the strongest predictor, reflecting the increased crash likelihood with more vehicle exposure
(Turner et al., 2017). Speed Limit is the second most important factor - higher speed limits
generally correlate with both higher crash risk and severity, as drivers have less reaction time and
longer stopping distances (Shuai & Kwon, 2025). The number of Lanes also has a substantial
influence; wider roads (with more lanes) encourage higher speeds and create longer crossing
distances for pedestrians, elevating risk. The Crosswalk Count in a zone shows moderate
importance, suggesting that while crosswalks are safety features, their presence is associated with
areas of concentrated pedestrian movement (and thus crashes, if not adequately safeguarded).
The student population of the school contributes as well, aligning with the notion that zones with
more students (and presumably more walkers) experience higher pedestrian exposure and thus
more potential crash incidents.



Figure 5. Feature importance ranking from the Random Forest regression model for crash density prediction.
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As expected, measures of traffic exposure and roadway characteristics dominate; traffic
volume (vehicle flow through the zone) is the single most important factor, followed by speed
limit and number of lanes. These factors intuitively align with safety mechanisms - higher traffic
volumes and multi-lane, high-speed roads tend to increase the potential conflict points and
severity for pedestrians, leading to higher crash occurrence rates (Turner et al., 2017).

The model also identified noteworthy contributions from features such as the crosswalk count
in the zone and the student population (or enrollment size) of the school. A greater number of
marked crosswalks could either indicate a response to pedestrian demand (hence inherently
higher exposure) or potentially mitigate risk - the model’s inclusion of this feature suggests zones
with more crossings have distinct crash patterns. Meanwhile, larger student populations may
increase pedestrian activity around schools, thereby elevating exposure risk, which is consistent
with findings that areas with more students or schools tend to have higher pedestrian crash
frequencies (Moradi et. al, 2016).

4.3.3 Discussion

Our regression analysis demonstrates that ML models can effectively predict the continuous crash
risk in school zones, providing a granular risk metric for each location. The Random Forest model
significantly outperformed the simpler KNN and single decision tree models, reinforcing the
benefit of ensemble techniques in capturing the complex, nonlinear relationships inherent in
crash data (Donnell et al., 2020). This finding aligns with other research in road safety prediction,
where advanced models, such as Random Forest and gradient-boosted trees, have achieved high
accuracy in forecasting crash frequencies (Shuai & Kwon, 2025). Notably, the Random Forest’s
accuracy (R? ~0.88) in our study is on par with the performance reported in similar crash
prediction efforts (typically R? in the 0.8-0.9 range) (Shuai & Kwon, 2025), indicating that our
approach is competitive with the state-of-the-art despite focusing on a specific context (school
zones).

From a practical standpoint, predicting crash density provides more detailed insights than
simple risk classification. Quantifying crash risk allows decision-makers to prioritize zones more
effectively —for example, allocating more resources to zones predicted to have significantly
higher crash densities. Analysis of feature importance further informs targeted interventions; our
findings highlight traffic volume and speed limits, suggesting strategies like traffic calming, speed
enforcement, or rerouting traffic (Turner et al.,, 2017). Road design factors, such as lane count and
the presence of crosswalks, also underscore the potential effectiveness of engineering measures



(e.g., road diets and pedestrian refuges). Additionally, the size of the student population indicates
the need for enhanced supervision and educational measures at larger schools.

Regarding limitations and future work, the Random Forest model, though highly accurate,
remains a "black box," limiting direct interpretability. We addressed this partly through feature
importance but recommend applying advanced interpretability methods (e.g., SHAP values,
partial dependence plots) to further elucidate nonlinear effects. Incorporating additional
variables—such as detailed built-environment features, driver behaviors, or real-time traffic
data—may improve predictions. Future research could explore models such as XGBoost or neural
networks, although substantial improvements beyond Random Forest are unlikely. Finally,
despite strong statistical performance, field validation through on-site assessments is crucial to
confirm practical safety improvements.

5. Conclusions

The findings of this study demonstrate that pedestrian-runover crash density in Riyadh’s school
zones is significantly influenced by district-level demographic and infrastructural characteristics,
including population density, road network length, and socioeconomic conditions. The MLR
analysis revealed that increased road network density and higher population density correlate
significantly with elevated crash frequencies. In contrast, higher average district income is
associated with reduced pedestrian crash risks. The ML analysis using the Random Forest model
further enhanced predictive accuracy, effectively identifying critical factors such as traffic volume,
speed limits, lane counts, crosswalk availability, and student population. By integrating traditional
statistical methods and cutting-edge Al techniques, this study provides robust, data-driven
insights that support smarter urban interventions, aligning with the goals of enhanced urban
efficiency, quality of life, and resiliency.

Despite strong analytical outcomes, this study has limitations. The reliance on historical crash
data, potentially subject to underreporting and inaccuracies, is a notable constraint. Additionally,
given Riyadh’s unique urban and socioeconomic context, careful consideration is required when
generalizing these findings to other urban environments.

Future research should leverage advanced Al tools, digital twin simulators, and detailed
behavioral datasets—including real-time pedestrian and driver behaviors, enforcement
effectiveness, and quality of pedestrian infrastructure—to further refine predictive accuracy.
Incorporating spatial-temporal dynamics through advanced geospatial modeling can further
optimize predictive performance and intervention effectiveness.

Policymakers, urban planners, and engineers can utilize these Al-enhanced insights to
implement targeted and equitable safety interventions. City managers should focus on the high-
risk school zones that the Random Forest model has identified for immediate engineering
improvements to minimize crashes at a reasonable cost. Municipal GIS dashboards receive model-
generated risk mapping data, which enables officials to allocate budgets and schedule
maintenance based on data analysis. The implementation of automated enforcement systems,
such as speed cameras or radar feedback signs, should be established in school zones with low
speed limits that are located in areas with high population density and severe crash records. The
deployment of Safe Routes to School campaigns and crossing-guard programs in areas with high
student populations requires active collaboration with local education authorities. The system
requires periodic model updates with new crash and traffic data to remain effective in evolving
urban environments, as part of Riyadh's Vision 2030 smart-city development. Ultimately, this
study’s approach supports the smart city objective of creating safer, resilient, and data-responsive
school environments in Riyadh and comparable urban contexts.
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