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Abstract: Delay prediction in urban public transport systems is a critical task for improving operational efficiency and
service reliability. While numerous predictive models exist, understanding the relative importance of contributing factors
remains a challenge, with traditional approaches often overestimating the impact of stochastic weather conditions. This
study proposes an approach that combines predictive modelling and factor analysis based on interpretable machine
learning. An eXtreme Gradient Boosting model was developed using a large dataset of operational and meteorological
data from a city with approximately one million inhabitants. The model demonstrated high predictive accuracy, explaining
72% of the variance in delays (Coefficient of Determination R?=0.72). Analysis of the model’s feature importance
revealed that operational cycles (seasonal, weekly, daily) and spatial context (routes, stops) are the dominant predictors,
collectively accounting for over 52% of the model’s total feature importance. Contrary to common assumptions, weather
conditions were identified as a powerful secondary, rather than primary, factor. While their cumulative feature importance
was substantial (contributing nearly 45%), the model revealed their impact to be highly contextual: the negative effects
of adverse weather were significantly amplified during predictable peak operational hours but were minimal otherwise.
This research demonstrates how Explainable Artificial Intelligence methods can transform complex predictive models
into practical tools, providing a data-driven basis for shifting from reactive management to proactive, evidence-based
planning.

Index Terms: Public Transport, Interpretable Machine Learning, XGBoost, SHAP, Smart City, Delay Factor Analysis.

1. Introduction

Traditional approaches to managing urban transport reliability are often reactive [1], guided by dispatcher intuition
rather than empirical evidence. This is largely due to the stochastic nature of these complex systems, which are subject to
a multitude of interacting variables. An example is the assumption that adverse weather is the primary destabilising factor.
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Consequently, resources are often misallocated to address apparent weather-related symptoms, while the underlying
systemic causes of operational instability remain unaddressed. With the development of Smart Cities [2], transport
companies and municipalities gain access to huge amounts of operational data: GPS tracks [3], data from validators, smart
maps [4], minute-by-minute weather reports [5], etc. The relevance of the study lies in the transition from simple
collection of this data to their practical use for making informed management decisions. Modern analytics, in particular
machine learning methods [6], make it possible to transform this data into informed decisions. Instead of being guided by
the well-known myth that snow causes traffic jams, the authors of this work set themselves the ambitious task of building
a model that would objectively identify and quantify the true hierarchy of factors affecting the reliability of passenger
transportation. This will allow us to move from intuitive, reactive management [7] to proactive, data-driven strategic
planning [8], which is the cornerstone of the smart city concept [9,10].

1.1. Features of the Smart City Concept for Passenger Transportation

The concept of a Smart City involves the integration of information and communication technologies to improve the
efficiency of urban services and the quality of life of residents. The term «smart city» is defined as a unique urban
infrastructure that combines intelligent sensors, Internet of Things (IoT) devices, and information fusion techniques to
create interconnected and intelligent urban spaces [11]. This combination of information and data-driven technologies
has enormous potential to improve urban life, making cities more resilient and efficient.

Public transport is one of the key arteries of a “smart city”, and its reliability and predictability directly affect
population mobility, economic activity and environmental status [12]. The significance of this concept for public transport
is the transition from static management based on fixed schedules to dynamic, adaptive and proactive management [13]
based on real-time data analysis. However, there are a number of problems along the way, closely related to the key topics
of our research. The choice of predictive modeling was due to the fact that the urban transport system is a complex,
chaotic system. Predictive Modeling is the process of using historical and current data to create a model to predict future
outcomes [14]. Unlike descriptive models, which only explain past events, predictive models answer the question « What
will happen next?» In the transportation context, this allows for a shift from reactive responses to problems that have
already occurred (e.g., traffic jams) to proactive actions aimed at preventing them, which is a fundamental principle of
smart cities. Traditional statistical methods are often unable to cope with a huge number of nonlinear relationships.
Although modern machine learning models, such as extreme gradient boosting (XGBoost) [15], demonstrate high
accuracy in forecasting, they are often perceived as “black boxes”. Machine Learning is a branch of artificial intelligence
that focuses on developing algorithms that allow computer systems to “learn” from data, detect patterns in it, and make
predictions without being explicitly programmed for each specific task. For transportation engineers, it is a tool that allows
them to automatically analyze complex relationships between dozens of factors, such as weather, traffic, and schedules,
to build accurate predictive models used to simulate passenger flows or predict weather conditions [15]. For a
transportation engineer or city manager, it is not enough to get a forecast of “expected delay of 15 minutes”. To make an
effective decision, it is necessary to know why this delay will occur. This is where a fundamental gap arises: highly
accurate but unclear models do not become a full-fledged decision-making tool, since they do not provide an answer to
the question “what to do?”, which is successfully explained by interpretable machine learning (XAI) [15].

Delay Factor Analysis was chosen because management decisions are often based on intuition and commonly
accepted beliefs, for example, that the main cause of delays is weather [ 16]. This leads to inefficient allocation of resources,
as the real, systemic causes remain undetected.

Thus, modern IT solutions can radically change approaches in applied engineering fields, such as transportation,
which indicates the relevance of this research today, where it is important to “connect theory and practice”, turning
complex academic models into practical tools for everyday use.

1.2. Predictive Modeling in Public Transport

Predictive modeling in public transport is a key tool for the transition from reactive to proactive urban mobility
management. Modern methods, especially those based on machine learning, allow for the prediction of a wide range of
parameters: arrival and departure times, passenger flows between stations, real-time vehicle occupancy and the probability
of delays [17]. This allows for the optimization of schedules, dynamic management of rolling stock and advance
information to passengers. The effectiveness of predictive models largely depends on the quality and granularity of the
input data. The use of data from different sources (GPS, smart cards, weather sensors, flight data) through information
fusion methods significantly increases the accuracy of predictions. Time series models, such as LSTM [18], are good at
predicting sequential events, while ensemble methods, such as XGBoost [19], are extremely effective at analyzing tabular
data with complex dependency structures. The main limitation is the so-called “black box” problem, where a model makes
an accurate prediction but does not explain the factors that led to it [20]. This makes it difficult to trust the model and use
it for strategic decision-making. In addition, models trained on historical data may perform poorly when unexpected
events (e.g., traffic accidents, road closures) occur that were not present in the training set.

1.3. Explainable Machine Learning (Explainable AI, XAI) in Transportation Systems

XAl is a set of methods that allow us to understand and interpret the results of complex machine learning models.
XALI turns predictive models into diagnostic tools. Methods such as SHapley Additive exPlanations (SHAP) [21] allow
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us to quantify the contribution of each factor (e.g., weather, time of day, route) to a specific delay forecast.

This allows us to not only state the fact of a possible delay, but also to understand its causes, which is critical for
developing countermeasures. XAl methods such as SHAP [22] can be applied to any machine learning model, which
makes them universal. They provide both global interpretation (which factors are most important for the model as a whole)
and local interpretation (why a particular flight at 17:30 was delayed). This allows us to conduct deep factor analysis,
revealing nonlinear dependencies and interactions between variables. The interpretation provided by XAI is an
explanation of the behavior of the model, and not necessarily of reality itself. If the model is trained on poor-quality data,
its interpretation may also be incorrect. In addition, for very complex models (e.g., deep neural networks), computing
SHAP values [23] can be resource-intensive.

1.4. Extreme Gradient Boosting in Passenger Transportation

XGBoost is a high-performance implementation of the gradient boosting algorithm that has become the de facto
standard for forecasting tasks on tabular data. XGBoost combines high predictive accuracy with relative learning speed
and interpretability via XAl [24]. It has been successfully applied to predict passenger flows, travel times, delays, and
modeling passenger transport choice. The algorithm has built-in regularization mechanisms to combat overfitting, can
effectively handle missing data, and supports parallel computing. Its ability to model complex nonlinear relationships
makes it an ideal tool for analyzing systems such as urban transport like other ensemble methods, [25]. is sensitive to
hyperparameter tuning, which requires careful selection. Although it is faster than classical gradient boosting, it can be
slower than LightGBM on very large datasets.

1.5. Factor Analysis of Delays in Public Transport

It is the process of identifying and quantifying the causes that influence schedule deviations. Using XAl and models
such as XGBoost [26], it is possible to go beyond simple correlation and identify a hierarchy of factors. Studies show that,
contrary to intuitive ideas, operational and temporal factors (time of day, day of the week, congestion of previous sections)
often have a much greater impact on delays than weather conditions. This allows management efforts to focus on the most
significant problems. Factor analysis allows us to identify not only the importance of individual variables, but also their
interactions [27]. For example, SHAP can show that the impact of snowfall is minimal at night but becomes critical during
rush hour, quantifying this synergistic effect. The quality of factor analysis depends entirely on the completeness of the
data. If an important factor (such as a mass event or a traffic accident) was not included in the dataset, its impact will not
be taken into account, and the model may incorrectly attribute the delay to other, less significant factors.

1.6. Purpose and Objectives of the Work

Purpose: To identify and quantify critical factors affecting passenger transport reliability using an interpretive
machine learning approach to prioritize management decisions, providing practical tools to improve the reliability of
transport services in a smart city.

Objectives:

« To develop and train a gradient boosting model to predict public transport delays based on an integrated set of
operational and weather data for passenger transport.

. To conduct factor analysis using interpretive machine learning methods to identify and rank the causes of delays.

« To quantify and compare the impact of operational (temporal, contextual) and weather factors on transport
reliability.

. To formulate scientifically based recommendations for transport operators aimed at improving service reliability
by focusing on the most significant factors.

The model presented in our paper aims to address this challenge, serving as a bridge between theory and practice. It
is not an abstract algorithm, but a full-fledged decision support system that takes theoretical developments in the field of
machine learning (XGBoost, XAI) and transforms them into specific, measurable recommendations for transportation
engineers and managers, encouraging them to move from reactive response to proactive, scientifically based management
of the transportation system.

2. Related Works

Modern machine learning methods are designed not just to create “black boxes” for forecasting, but also to provide
deep, interpretive understanding of complex urban systems. Recent research at the interface of information technology,
computer science, and passenger transportation indicates the importance of studying the interaction of temporal,
contextual, and weather factors, using machine learning methods, emphasizing their significant scientific and practical
value.

2.1. Analysis of the Use of Boosting Models in the Organization of Passenger Transportation

Gradient boosting models are a class of ensemble machine learning algorithms that sequentially build weak models
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(usually decision trees) in such a way that each subsequent model corrects the errors of the previous one. This makes
them extremely accurate and successful for prediction tasks. Gradient Boosting Regression Tree (GBRT or
GradientBoosting) is the fundamental algorithm on which more modern implementations are based. It sequentially adds
decision trees, each of which is trained on the residuals (errors) of the previous ensemble.

It is most often used to predict train arrival and departure times [28,17]. GBRT is the basis for more modern and
optimized models. In [29,21], the nonlinear effect of the built environment on the distance traveled by passengers was
investigated and arrival and departure times were predicted. Here, GBRT was used to investigate complex, nonlinear
relationships between urban environment characteristics (stop density, accessibility, etc.) and the distance traveled by
passengers. The GBRT model is able to detect threshold effects, after which the influence of a certain factor changes
[29,21]. It is also used as one of the basic methods for predicting train delays. In general, GBRT is most often used as one
of the basic algorithms for comparison with newer models, such as XGBoost. The model incrementally builds regression
models by successively adding a simple parametric function to the current residuals [30,17], which provides it with high
accuracy, the ability to model complex nonlinear dependencies and threshold effects, as well as flexibility in choosing
loss functions. Among the disadvantages of GBRT are its slow operation on large data sets and the tendency to over-
training without careful parameter tuning. However, it is successfully used in predicting delays, arrival times, passenger
flow on individual routes or stops, i.e. it is effective in analyzing the impact of urban planning on transport behavior.

XGBoost (eXtreme Gradient Boosting) is a highly efficient and optimized implementation of gradient boosting that
has become the industry standard for working with tabular data due to its speed and accuracy. In passenger transportation,
it has found its application in passenger flow forecasting [31,19], determining bus occupancy, calculating arrival and
departure times, and analyzing delay factors. In [31,19], XGBoost was used to forecast passenger flow between pairs of
stations, taking into account time slots, holidays, and days of the week. XGBoost is also used to create explainable models
of on-board passenger flow forecasting, which allows them to be deployed on devices with low computing capabilities
[31,13]. The high speed of XGBoost was achieved due to parallel data processing, and the built-in regularization (L1 and
L2) helped to avoid overfitting, allowed to effectively handle missing values, which contributed to achieving a high score
of the importance of factors [31,13]. It is considered effective for tasks where features such as route ID, stop ID or day of
the week are key [31,28]. XGBoost is widely used to model the choice of a mode of transport by passengers,
demonstrating better accuracy compared to classic logit models [32,30,29]. In combination with SHAP, it is used to detect
nonlinear and interactive effects of various factors [32,31]. The model is also used to analyze the causes of delays, in
particular to compare the impact of weather and operational factors on flights [33,25]. XGBoost is characterized by high
performance, built-in regularization, flexibility, the ability to handle missing values, and high interpretability when used
with SHAP. However, XGBoost is more complex to configure compared to simpler models and consumes significant
computational resources during training. XGBoost is ideal for building accurate models for predicting delays, vehicle
occupancy, and passenger flows. Its interpretability (via SHAP) makes it a valuable tool for analyzing critical factors in
passenger transport reliability.

LightGBM (Light Gradient Boosting Machine) is a gradient boosting implementation from Microsoft that uses
unique techniques (Gradient-based One-Side Sampling and Exclusive Feature Bundling) to significantly accelerate the
learning process and memory efficiency. It is used as a fast and efficient alternative to XGBoost for predicting passenger
flow based on ticket data. The model has demonstrated the best processing speed while maintaining high accuracy
[34,31,19]. When predicting passenger flow between pairs of stations, it has shown extremely high learning speed and
low memory consumption. It is used in tasks where the speed of processing large data sets is critical. For example, for
predicting passenger flow based on millions of ticket records, LightGBM has shown itself to be significantly faster than
XGBoost while maintaining high accuracy [34,19]. It is also used in models that consider external factors, such as weather
and flight information [33,16]. It also works well on very large datasets, supports parallel and distributed learning, but is
prone to overtraining on small datasets and is very sensitive to hyperparameter tuning. It is indeed the optimal choice for
systems that require fast predictions on large data streams, or near-real-time predictions, for example, for operational
traffic management.

Summarizing the general overview of boosting models, their main advantages (high accuracy, sufficient speed and
resistance to overtraining), which makes them effective and extremely useful for transportation tasks, where categorical
factors (route, vehicle type, day of the week) are of great importance, Table 1 was formed with the advantages,
disadvantages and application possibilities of the listed models.

2.2. Analysis of Boosting Models to Determine Reliability Factors (Delays) of Passenger Transportation

Here we focus on the works of [29,25,19,16,13], where the main goal was not only to predict but also to explain the
reasons for such results, for example, delays, which is directly relevant to our study. The analysis of critical reliability
factors is a key task where boosting models, especially in combination with interpretation methods such as SHAP,
demonstrate enormous value. The model [13] takes as input the history of passenger flows (PF) at the last L stops and at
the same stop during the previous L trips. As additional features in the model [13], time of day, day of the week, month
are used. Factor prioritization is performed using SHAP, which found that the most important factor is the passenger flow
at the immediately preceding stop (pt-1). This is logical, since the vehicle occupancy hardly changes between neighboring
stops. Next in importance are the stop identifiers, which reflect the spatial context. The model [13] was designed to work
“on-board”, i.e. on low-power devices, which proves the effectiveness of XGBoost for practical applications.
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The long-term model [16] used categorical data (stop ID, line ID, trip ID) and numeric/binary data (time, day of the
week). It also used weather data (hourly and daily) and flight information. An explainability analysis of the model [16]
showed that the most useful variables for long-term forecasting were the embeddings of the stop identifier, the line, and
the trip identifier, which implicitly contains information about the time of day. Important for our research is the conclusion
of [16] about the dominance of context (where?) and time (when?).

Table 1. Comparison of boosting models by predicted values, their advantages, disadvantages, and opportunities

Boosting Parameter Description Accuracy and Advantages Disadvantages App!l({a.tlf) n References
model Features possibilities
A basic algorithm that Basic modeling of
Arrival and consistently corrects o Flexibility, good Slow, prone to &
. . Delay prediction . delays and [17]
departure times errors of previous accuracy overfitting assenger flows
models P &
GBRT Investigating the .
The impact of nonlinear impact of R?=0.86; Ability to model A nalysis of the
. . Slower than newer| impact of urban
development on | urban environment on |threshold effects| complex nonlinear |~. . . [21]
. . . implementations planning on
travel distance passenger travel detected relationships transport behavior
distance il
Optimized High accuracy, Detailed analysis of
implementation of works well with reliability factors
Forecasting GBRT with different data types, Slower than acctli]rate ’
assenger traffic regularization and MAE=5.561 speed, accuracy, LightGBM, . [19]
p g g P y 8 forecastin
between stations parallelization, handling gaps, difficult to set up lannin aﬁ’d
comparing XGBoost interpretability (with dis patchin gs Stems
and LightGBM SHAP) P g 8y
Choice of Predicting the choice | Best accuracy High accuracy, Modeling of
intercity between car, bus, train (GMPCA interpretability with | Difficulty to set up | passenger behavior, [29]
transport mode and high-speed rail. 81.59%) SHAP strategic planning
Analyzing the impact of|  Prediction Good at handling Limited to one Delay risk
L . factor, operational assessment,
Airline delays |weather and operational | accuracy 76.82- complex i . [25]
o . . actors are more comparative
factors on delays. 79.14% relationships . .
important analysis of factors
i . Real-time passenger
Passenger traffic fl;(r;sl;ttlr?egxlt)zfcsyerslgfzrr MAPE = Efg\?::;g&ig:v_ Accuracy slightly and driver [13]
on board P 24.05% P ? lower than LSTM information
on-board systems. interpretable systems
A hybrid approach of Traffic safety
XGBoost | Severity of road | XGBoost-SHAP and s Identifies complex . analysis,
: . McFadden’s |. . Requires two
accidents statistical model for o interactions, reduces . development of [15]
. . . . . R2=0.52 . . . modeling stages
involving cyclists| analyzing accident data dimensionality measures to reduce
severity factors. injuries
Investigating the
Choice of nonlinear and Most important High accuracy in Detailed planning
intercity interactive effects of impe explaining complex | Difficult to set up of transport [30]
factor is distance .
transport mode key factors on effects corridors
transportation choice.
Analyzing the nonlinear
Impact of high- | relationship between | Nonlinear and Ability to model Resource-intensive| Urban planning
speed rail on land| proximity to stations |threshold effects oIty 10 .. | when training on | around transport [31]
. spatial nonlinearities
value and land value using detected very large data sets nodes
XGBoost-SHAP.
Impact of transit- In;:ﬁ;ﬁ:::fn?e
oriented . . Complex . Evaluation of the
interactive effects of . . Deep analysis of . .
development L relationships . : Difficult to setup | effectiveness of [32]
transit-oriented interactions :
(TOD) on rental detected TOD projects
development (TOD) on
value
rent.
. S . . . Real-time
Passenger traffic | A fast version of GBRT| Training time, | Very high speed, |Risk of overfitting onerational [19]
between stations | optimized for big data. MAE low memory usage | on small data sets forec EIl)S ting systems
LightGBM Forecasting occupancy MAE~=5.8 Good at handling o
L . external . Dynamic timetable
Bus occupancy | considering weather | (with weather) Difficult to set up [16]
: (exogenous) management
and flights. >
variables
Online forecasting of . .
GBoost, | Train arrival and | arrival and departure XGBoost 1S the CO.m parison of ANN did not  |Operational railway
. . best model in 21| multiple models to [17]
XGBoost | departure times times of passenger perform well traffic management
. > out of 36 cases | choose the best one
trains at each station.

The study also showed that hourly meteorological data give better results than daily, but the improvement is
insignificant, which again emphasizes the secondary role of weather. Ref. [25], although it concerns air transport, provides
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a perfect analogy for passenger transport in a city. They found that departure time and carrier are significantly more
important predictors of delays than most weather conditions, such as precipitation. This conclusion about the greater
importance of operational context (who is operating the flight and when) than the influence of the external environment
was important in building our hypothesis. In [13,6], the key predictors were stop and route identifiers, since the transport
system is not homogeneous, since each stop and route has unique characteristics (problematic intersections, large
passenger-generating objects). Authors [29,19] emphasize the crucial role of time slots, day of the week, month, and
distance (which is closely related to travel time).

Ref. [13] showed that the most important predictor is the passenger flow at the previous stop. This demonstrates that
the system has a “memory”: the current state strongly depends on the state at the previous step.

Table 2 groups the use of boosting models by the parameters studied, the prioritization of factors, and important
achievements (results obtained) in the organization of passenger transportation.

Table 2. Comparison of boosting models according to the investigated parameters, prioritization of reliability factors, and important achievements
(results obtained) in the organization of passenger transportation

Parameter Description Prioritization of factors Other important aspects lecf:;e
- 1. Passenger flow at the previous stop.
Onboard Predicting the number of 2. Stop identifiers (spatial context). The model is optimized to run on low-
passengers on a bus at the next ) . [13]
passenger flow . 3. Passenger flow history at the same power devices
stop using XGBoost stop
Predicting the occupancy at the 1. Stop ID. Hourly weather de}ta improves tohe_
R X 2. Route line. forecast, but only slightly (by 7.5% in
Bus occupancy stop level using LightGBM, . S L Lo D [16]
. 3. Trip ID (implicitly contains time of | absolute terms). Flight information is
XGBoost and deep learning .
day). only useful for routes near the airport
Passenger flow P;esiglrg;}éz :::/1 ;:rl:et:;vcc’)f 1. Time slot. Weather conditions were not
between pairs P f g ; 2. Day of the week/holiday. considered as a major factor; focus on [19]
f stations specific stops using XGBoost, 3. Month operational data
° LightGBM : '
_ Analysis of the impact of 1. Time of d;parture. Operational factors have a greater
Flight delays weather and operational factors 2. Carrier. impact than weather [25]
(XGBoost). 3. Precipitation. P )
Choice of . . 1. Travel distance. The model detects nonlinearities and
- . Analysis of factors affecting .
intercity - 2. Travel time. thresholds (e.g., after 100 km, [29]
transport choice (XGBoost). -
transport mode 3. Income. railways are preferred).

The above analysis allowed us to put forward two hypotheses.

Hypothesis 1: The dominance of deterministic system dynamics over stochastic factors.

Hypothesis Statement. The performance of the urban public transport system, specifically in terms of schedule
adherence, is fundamentally governed by a deterministic operational baseline. This baseline is defined by two primary
sets of endogenous factors: (a) predictable temporal cycles (diurnal, weekly, and seasonal variations in passenger flow
and general traffic) and (b) the static network topology (route structure and stop location).

Hypothesis 2. Meteorological conditions as a non-linear, state-dependent perturbation agent

Hypothesis Statement. The influence of meteorological factors on public transport delays is not linear or independent
but acts as a non-linear, state-dependent perturbation agent. The magnitude of delay induced by adverse weather is
conditional upon the system’s current state within its deterministic operational baseline.

3. Materials and Methods

3.1. eXtreme Gradient Boosting (XGBoost) Method

To achieve this goal, the eXtreme Gradient Boosting (XGBoost) method was used. XGBoost is an implementation
of the gradient boosting algorithm, which belongs to the class of ensemble machine learning methods. Its main principle
is to sequentially build weak learning models (usually decision trees) in such a way that each subsequent tree is trained
on the errors (pseudo-residuals) of the previous ensemble, thereby iteratively improving the overall prediction accuracy.

The key feature of XGBoost is the optimized objective function, which is minimized at each step of building a new
tree [30-33]. This function consists of two components: a loss function, which measures the discrepancy between the
predicted and actual values, and a regularization term, which penalizes for the complexity of the model, preventing
overtraining.

The objective function at step t has the form (1) [34,30-33,25,24]:

06 = 51,1 (3 + ft(m) + () @

where [(y;,¥,) — differential convex loss function that measures the error for i-th an observation.
y; — actual value of the target variable.
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yl(t_l) — ensemble prediction of -7 1 trees for the i-th observation.

f+(x;) — function of the new tree added at step z.

Q(f;) — regularization term that controls the complexity of the model.

XGBoost uses a second-order Taylor expansion to approximate the objective function, which allows it to be
optimized for any differentiable loss function (2) [34,33,22]:

0 ~ X2 [1 (33" ) + 9ufi ) + S hef2 ()| + () @

where g; Ta h; — the first and second derivatives (gradient and Hessian) of the loss function, respectively.
Regularization term for a tree f; is defined as (3) [34,33]:

Q) = YT + 510 Z]_, w} (3)

where T — number of leaves in a tree.

w; — weight (forecast) j-th leaves.

Y and A — hyperparameters controlling L1 and L2 regularization respectively.

This approach allows XGBoost to efficiently find the optimal tree structure and leaf weights, providing high
prediction accuracy and resistance to overtraining.

3.2. Dataset Preparation

The work used a large set of operational and meteorological data for a city with a population of about 1 million. The
operational data was formed by a normalized database (DB) of vehicle traffic schedules, the structure of which is shown
in Fig. 1, which allowed to avoid data duplication and simplified the execution of queries. The given structure consisted
of 5 tables: Routes, Vehicles, Stops, Trips, StopTimes and was characterized by flexibility and efficiency.

Routes
id
route_name
route_description
Vehicles
id
vehicle_number
Stops
id
stop_code
stop_name
Trips
id
vehicle_id
route_id
schedule_name
trip_date
StopTimes
id
trip_id
stop_id
planned_arrival
actual_arrival

Fig.1. Schema of the traffic schedule execution database

In our operational database, the Routes table was described by — id: Primary key, route name: Route name,
route_description: Route description. The Vehicles table was described by — id: Primary key, vehicle number: Vehicle
number. The Stops table was described by — id: Primary key, stop_code: Unique stop code, stop_name: Stop name. The
Trips/Schedules table was described by —id: Primary key, vehicle id: Foreign key referring to Vehicles, route_id: Foreign
key referring to Routes, schedule name: Schedule name, trip_date: Trip date. Arrival time at stops. The StopTimes table
was described by — id: Primary key, trip_id: Foreign key referring to Trips, stop id: Foreign key referring to Stops,
planned _arrival: Planned arrival time in ISO format (YYYY-MM-DD HH:MM:SS), actual arrival: Actual arrival time.
The database with data for nine months contained 716959 records and allowed easy execution of complex analytical
queries.

Meteorological data for the city were generated in the weather database, the column structure of which is shown in
Fig. 2. The meteorological data for the city contained hourly weather conditions in the city from January 1979 to July
2025, which had 418178 records.
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Calculation of the average delay of the schedule execution at each stop has two features. Since the average delay can
be interpreted differently: only as cases of delay and, in general, as a deviation from the schedule, we will consider both
cases.

~ WEATHER_COLUMNS_TO_ADD = [
(udt», «INTEGER=»),
(wtemp», «REAL»),
(uvisibilitys, «INTEGER=),
(wdew_point», «REAL»),
(«feels_likew, «REAL»),
(wtemp_min», «REAL=n),
(«temp_max», «REAL=),
(«pressure», «INTEGER»),
(«humidity», «INTEGER»),
(wwind_speed=, wREAL»),
(wwind_deg», «INTEGER=),
(wwind_gust», «REAL»),
(«rain_ih», «REAL»),
(wrain_3hs, «REAL»),
(wsnow_1h», «REAL»),
(wsnow_3h», «REAL»),
(wclouds_all=, «INTEGER=),
(wweather_ids, «INTEGER=),
(«weather_main», «TEXT=»),
(wweather_descriptions, «TEXT»),
(wweather_icon», «TEXT»)

Fig.2. Weather database schema weather

A. Average delay (only cases of delay)

The SQL query for calculating the average delay of the schedule execution at each stop (only cases of delay) is
shown in Fig. 3. This query calculates the average delay time, but takes into account only those cases when the vehicle
arrived later than planned. In this case, cases of arrival on time or earlier were ignored.

1 SELECT
2 S.stop_name AS "Stop name”,
3 S.stop_code AS "Stop code”,
4 CAST(AVG(strftime('%s', ST.actual_arrival) - strftime('%s', ST.planned_arrival)) AS INTEGER) AS “"Average delay (seconds)”,
5 COUNT(ST.id) AS "Number of recorded delays"”
& ~ FROM
7 StopTimes AS ST
8 ~ JO0IN
9 Stops AS S ON ST.stop_id = S.id
168 -~ WHERE
11 strftime("%Y", ST.planned_arrival) = '2825°
12 AND ST.actual_arrival IS NOT NULL
13 AND ST.planned_arrival IS NOT NULL
14 AMD strftime('®s’, ST.actual_arrival) » strftime('%s", ST.planned_arrival)
15 ~ GROUP BY
1 ST.stop_id
~ ORDER BY

[
o o~ o

[

"Average delay (seconds)” DESC;

Fig.3. SQL query to calculate average schedule execution delay at each stop (late cases only)

B. Average deviation from the schedule (two-way)

The SQL query for calculating the average delay of the schedule execution at each stop (two-way - ahead and behind)
is shown in Fig. 4. This query shows the general picture of punctuality. It calculates the average difference between the
actual and planned arrival time, taking into account both lateness (positive value) and arrival ahead of schedule (negative
value). Moreover, a positive result means that on average vehicles are late at this stop, a negative result means that on
average they arrive earlier.

To combine data from different sources, a Python script was used, which connected data on traffic in the city with
weather conditions and consisted of two main parts, where the schema modification was done by adding new columns
for weather to the StopTimes table, and data enrichment was done by searching for relevant weather data for each arrival
record and updating the table.
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1 ~ SELECT

2 S.stop_name AS "Stop name",

3 S.stop_code AS "Stop code”,

4 CAST(AVG(strftime('%s', ST.actual_arrival) - strftime('%s', ST.planned_arrival)) AS INTEGER) AS "Average deviation (seconds)”,
S COUNT(ST.id) AS "Mumber of arrivals"

6 ~ FROM

7 StopTimes AS ST

8 ~ JOIN

9 Stops AS S ON ST.stop_id = S.id

1@ -~ WHERE

11 strftime('%Y", ST.planned_arrival) = '2825°
12 AND ST.actual_arrival IS NOT NULL

13 AND ST.planned_arrival IS NOT NULL

14 -~ GROUP BY

15 ST.stop_id

16 -~ ORDER BY

17 "Average deviation (seconds)" DESC;

Fig.4. SQL query to calculate average schedule execution delay at each stop (two ways)

For this, the SQLite function — attach database was used, which allowed us to query two databases simultaneously,
as if they were part of one. Connecting to the databases was done using a script that allowed us to simultaneously connect
to the main database tram_schedule.db and attach weather lviv.db to it under a temporary alias weather db.

To insert data, a place was first created for it by adding columns. To avoid an error when re-running the script when
the columns already exist, an alter table script was used for each required column (commands wrapped in try...except).
Finding the closest weather required finding a method because the data had different time characteristics and did not
match.

The method where each record in StopTimes, where there was an actual arrival time (actual_arrival), for example,
2025-03-15 11:06:00°, was converted to a Unix timestamp and the associated table weather db.weather was queried was
very time-consuming. Here, using order by abs(dt - ?) we found the row where the difference between the weather time
(dt) and the arrival time was minimal. LIMIT 1 ensured that we only got one, the closest record. Next, the data was
updated, where the found weather data was written to the corresponding new columns for the current row in StopTimes.

To optimize transactions, all update operations were performed inside one large transaction (or several, if there is a
lot of data), which significantly accelerated the process compared to thousands of individual records. The progress was
monitored using a script that displayed the processing progress every 100 processed rows so that we could see that it was
not hanging. Otherwise, because we had a very large amount of data in StopTimes (>716000), it took a very long time,
approximately 1 min = 1 thousand records.

The best results were obtained by the method with rounding the time to the nearest hour and performing a direct
query, which dramatically accelerated the process. According to this method, the weather condition, which was recorded
every hour at an even hour, was linked to the time from the actual arrival column by simply rounding it to the nearest
whole hour (08:13—08:00) (Fig.5), and only then was it converted to a Unix timestamp and only then was a direct query
made to the weather table with this value in the dt column.

~ def round_to_nearest_hour(dt_obj: datetime.datetime) -> datetime.datetime:
v if dt_obj.minute »= 3@:
dt_obj += timedelta(hours=1)
return dt_obj.replace(minute=8, second=8, microsecond=@)

1
2
3
4
E|
6 ~ def enrich_stop_times_with_weather(tram_conn):
8
9
a8
1

print(f"Database connsction '{WEATHER_DB_FILENAME}'...")
o try:
tram_conn.execute(f"ATTACH DATABASE '{WEATHER_DB_FILENAME}" AS weather_db™)

1 print("- Weather database successfully attached.\n")
11 ~ except sqlite3.0OperationalError as e:
12 print(f"Error connecting to database: {e}")
13 return
14

Fig.5. Rounding a datetime object to the nearest whole hour and joining the database
Implemented logic for rounding time to the nearest hour (e.g., 10:29 —10:00, 10:30 — 11:00). This allows for instant

lookups on the indexed dt column instead of a slow scan. A batching method was used, where the script now processed
data in batches of 100 records (Fig.6).
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1 column_names_str = ", ".join(COLUMN_NAMES)

2 set_clause = ", ".join([f"{name} = 2" for name in COLUMN_NAMES])

3 update_sql = f"UPDATE StopTimes SET {set_clause} WHERE id = ?"

4

5 start_time = time.time()

6 total_updated count = @

8 v for 1 in range(®, total_rows, BATCH_SIZE):

9 batch = rows_to_update[i:i + BATCH_SIZE]

1e updates_to_commit = []

11

12 ~ for stop_time_id, actual_arrival_str in batch:

13 ~ try:

14 dt_obj = datetime.datetime.strptime(actual_arrival_str, "Xy-%m-%d XH:%M:%s")
15 rounded_dt = round_to_nearest_hour({dt_obj)

16 arrival_timestamp = int(rounded_dt.timestamp())

17 vieather_cursor = tram_conn.cursor(}

18 ~ veather_cursor.execute(

19 f"SELECT {column_names_str} FROM weather_db.weather WHERE dt = 2",
20 (arrival_timestamp,)

21 )

22 veather_data = weather_cursor.fetchone()

23

24 if weather_data:

25 update_values = list(weather_data) + [stop_time_id]

26 updates_to_commit.append(tuple(update_values))

27

28 v except (ValueError, TypeError):

29 continue

3e

31 v if updates_to_commit:

32 cursor.executemany(update_sgl, updates_to_commit)

33 tram_conn.commit()

34 total_updated_count += len{updates_to_commit)

35 elapsed_time = time.time() - start_time

36 speed = total_updated_count / elapsed_time if elapsed_time > @ else @
37

38 v~ print(

39 f" - Processed {i + len(batch)} / {total rouws} records. "

48 f"Speed: {speed:.1f} zan/cex.”

41 )

42

a3 print("\nThe process is complete!")

a4 print(f"Successfully updated {total_updated_count} from {total_rows} records.”)
a5 print(f"Total execution time: {time.time() - start_time:.2f} seconds.")

Fig.6. Batch processing script for processing data in batches of 100 records

After each processed batch (100 rows), a commit was executed, which saved the progress in the database. This
allowed us to safely stop and restart the script at any time - it would continue working from where it stopped. To achieve
idempotence, so that the script could be safely run again and it would update only those rows where weather data had not
yet been added, where temp is null was used. To achieve idempotence, so that the script could be safely rerun and would
only update rows where weather data had not yet been added, WHERE temp IS NULL was used.

4. Results and Discussion

4.1. Loading Weather Parameters for Analysis

In order to find out how the weather affects the quality and accuracy of the schedule, the Python libraries pandas
were used for data manipulation and scipy for statistical calculations.
The weather parameters used in the study are as follows (Fig.7):

. Temperature: temp

«  Visibility: visibility

« Dew point: dew_point

« Temperature: that feels_like

«  Pressure: pressure

«  Humidity: humidity

«  Wind speed: wind_speed

«  Wind direction: wind_deg

«  Wind gusts: wind_gust

« Amount of rain in 1 hour: rain_lh

« Amount of rain in 3 hours: rain_3h

« Amount of snow in 1 hour: snow_1h
. Amount of snow in 3 hours: snow_3h
«  Percentage of cloud: cover clouds_all
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WEATHER_PARAMS_TO_AMALYZE = [
"temp®,
"dew_point’,
"feels_like',
"pressure’,
“humidity’,
‘wind_speed’,
‘wind_deg’,
‘wind_gust’,
‘rain_1h",
‘rain_3h",
"snow_1h",
"snow_3h",
"clouds_all’

Woes G B W R

el e
S VI W Y

[
@ 0

1

o
e~

8 ~ def load_and_prepare_data(db_path):

19 print(f"Loading data from "{db_path}'...™)

28 v try:

21 conn = sqlite3.connect(db_path)

22

23 query_cols = "planned_arrival, actual_arrival, " + ", ".join(WEATHER_PARAMS_TO_ANALYZE)
24 query = f"SELECT {query_cols} FROM StopTimes WHERE temp IS NOT NULL"

25

26 df = pd.read_sql_guery(query, conn)

27 conn.close()

28

29 if df.empty:

L] print("Error: Mo data found for analysis. Check if the StopTimes table contains weather data.”)
31 return None

32

33 print{f"Uploaded {len(df)} Records. Data preparation...")

24

Fig.7. Loading weather parameters for analysis

Using data on the schedule of stops and the actual arrival time of vehicles, delays were obtained for each stop. The
calculation of the deviation from the schedule was carried out in seconds (actual arrival - planned arrival). A positive
value meant a delay; a negative value meant an early arrival. Time conversion and calculation of the deviation were
performed according to the following algorithm (Fig.8).

df['planned_arrival'] = pd.to_datetime(df['planned_arrival'], errors="coerce')
df['actual_arrival’'] = pd.to_datetime(df[ actual_arrival'], errors='coerce')
df.dropna(subset=["plannad_arrival’, ‘actual_arrival'], inplace=True)

W b

df[ 'delay_seconds'] = (df["actual_arrival’'] - df['planned_arrival']).dt.total_seconds()
Fig.8. Time conversion and deviation calculation
When loading weather data, in order to correctly handle missing values, for example, NaN for rain/snow, they were

filled with zeros, since the absence of a record most often means the absence of precipitation. The processing of missing
values for precipitation and wind gusts was performed according to the following algorithm (Fig.9).

1 v for col in ['rain_1h', 'rain_3h", 'snow_1h", "snow_3h', ‘wind_gust']:
2w if col in df.columns:

3 df[col] = df[col].fillna(@)

4

& print{"Data has been successfully prepared.\n")

6 ~v return df

Fig.9. Handling missing values for precipitation and wind gusts

4.2. Conducting a Correlation Analysis between Delay and Weather Parameters, its Results

Correlation analysis was performed for each of the 14 weather parameters, where the Pearson correlation coefficient
(R) was calculated. This coefficient shows the presence of a linear relationship between two variables and is in the range
from -1 to +1. The p-value, an indicator of statistical significance, was also calculated. A low value (usually <0.05) means
that the detected correlation is unlikely to be random (Fig.10).

The results of the correlation analysis (deviation from the graph vs. weather) were derived with the following
interpretation of the results.
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1 def analyze_correlations(df, params):

2 print("Correlation analysis is performad...")

3 results = []

4

5 for param in params:

6 subset = df[['delay_seconds', param]].dropna()

7 if len(subset) < 188 or subset[param].nunigue{) < 2:

8 correlation, p_valus =@, 1.8

] else:

18 correlation, p_valus = pearsonr{subset['delay_seconds'], subset[param])
11

12 results.append({

13 'Weather parameter': param,

14 ‘Correlation (r)': correlation,

15 ‘p-valua’: p_value

6 D

18 results_df = pd.DataFrame(results)

19 results_df['abs_correlation'] = results_df[ 'Correlation (r)"].abs()
28 results_df = results_df.sort_values(by="abs_correlation’, ascending=False).drop('abs_correlation’, axis=1)
21

22 return results_df

Fig.10. Script for calculating correlation between delay and weather parameters
The Pearson correlation coefficient (R) shows the strength of the linear relationship between two variables:
« Values close to +1: Strong positive relationship, e.g. more rain, more delay
« Values close to -1: Strong negative relationship, e.g. better visibility, less delay (or earlier arrival).
«  Values close to 0: Weak or no linear relationship.
The p-value coefficient shows the statistical significance of the result:
« If the p-value < 0.05, the result is considered statistically significant, meaning that the detected relationship is
unlikely to be random.

« If p-value > 0.05, the relationship may be random, and conclusions should not be drawn.

The report displayed the results in a sorted table, from the strongest relationships (by modulus) to the weakest, along
with an interpretation. Key findings were formulated as follows:

. The biggest factor that affects the increase in delay is: Weather parameter, which reached a positive value of R.
. The biggest factor that affects delay reduction (i.e., punctuality) is: Weather parameter that reached a negative

value

Having data on delays, it was identified which weather phenomena have the greatest impact on public transport
punctuality thanks to the result obtained (Table 3).

Table 3. Results of correlation analysis of deviation from schedule vs weather

Weather parameter Correlation (R) p-value
wind_deg 0.043905 8.686169¢-303
clouds_all 0.031937 3.960501e-161

rain_1lh 0.030432 1.739758e-146
feels_like -0.024181 3.381298¢-93
snow_lh 0.022521 4.323183e-81
temp -0.021854 1.825826e-76
pressure -0.016388 8.737390e-44
wind_speed 0.013911 4.955947¢-32
visibility 0.013764 9.068205¢-30
dew_point -0.012790 2.480363¢-27
wind_gust 0.011053 8.035519¢-21
humidity 0.007969 1.503167¢-11
rain_3h 0.000000 1.000000e+00
snow_3h 0.000000 1.000000e+00
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As can be seen from Table 3, the correlation analysis revealed that the impact of any individual weather parameter
on transport delay is very weak. The key point is statistical significance vs practical significance.
Comparing the two columns of Table 3 allows us to draw the following conclusions:

« Regarding the correlation coefficient (R), all values are extremely close to zero (the largest in magnitude is
0.0439). This suggests that the linear relationship between weather and delays is very weak.

«  Regarding the p-value, almost all values are tiny (e.g., 8.68¢-303), indicating that the weak associations found
are statistically significant, meaning they are unlikely to have arisen by chance.

There is no contradiction here, because due to the huge amount of data (~716 thousand records), even a microscopic,
practically insignificant effect becomes statistically visible.

Let’s consider each parameter in detail.

The wind direction wind_deg (R = 0.044) has the strongest positive correlation. This technically means that with a
change in wind degree (e.g., from 10° to 200°) there is a barely noticeable tendency for delay to increase. Of course, this
result is most likely an artifact, because wind direction is a cyclical quantity, and linear correlation is not very suitable for
it. Perhaps certain wind directions (e.g., westerly) coincide with routes where, in principle, there is more congestion, and
this creates a false connection, so this parameter can be ignored.

Cloudiness, rain and snow clouds_all, rain_1h, snow 1h (R = 0.02-0.03) has a very weak positive relationship, i.e.
when it rains/snows or the sky is cloudy, there is a microscopic tendency for delays to increase. It is natural and intuitive
that bad weather slows down traffic a little, but this effect is so small that knowing that it is raining adds almost nothing
to our ability to predict delays.

Temperature that feels like, actual temperature, pressure and dew point feels_like, temp, pressure, dew_point (R = -
0.01 to -0.02) have a very weak negative relationship, i.e. when the temperature is higher, there is a microscopic tendency
for delays to decrease, and of course, traffic moves a little faster. A possible explanation is that in warmer weather, fewer
people use their personal cars (walk, ride bicycles), which reduces overall traffic and slightly speeds up vehicles. However,
again, the effect is negligible.

The amount of rain and snow in 3 hours rain_3h, snow_3h (R = 0.000000) has absolutely zero correlation. This is
most likely a problem in our data, since in our weather database these columns are almost always empty (NULL), and
our script filled them with zeros, so when one of the variables is almost unchanged, the correlation cannot be calculated.
These parameters, if they cannot be checked, should be excluded from the analysis.

So, based on a simple linear analysis, weather is not a dominant factor in the formation of delays, but other important
indicators such as traffic, time of day, day of the week, accidents, breakdowns can have a much stronger influence.

However, the results of correlation analysis are not a verdict on machine learning, as correlation analysis is only the
beginning of the investigation. Pearson correlation only looks for linear relationships, but the world is much more complex.
Machine learning tools are great at finding complex, nonlinear relationships that simple correlation analysis misses. A
well-known nonlinear relationship is that a light rain (rain_lh = 1 mm) will have no effect on delay at all, while a
downpour (rain_1h =10 mm) will cause a sharp, exponential increase in delays due to flooding and zero visibility. Linear
correlation will not see this, but machine learning tools like XGBoost will. A model built on the time characteristics of
the stop (time of day, day of week, month, weekday/holiday), route characteristics (stop ID, trip ID, route number),
schedule data, and weather data can calculate a forecast that the expected delay at stop No. will be 180 seconds. Although
the model will not “change the route schedule,” with this information, the transportation company can inform passengers
in advance about expected delays, release an additional backup vehicle on the line, and adjust the schedule for the next
day if extreme weather is forecast. Therefore, gradient boosting (XGBoost) was chosen for this task as a tool that works
well on tabular data, is fast to learn, and is easier to interpret.

4.3. Building a Gradient Boosting Model XGBoost

The XGBoost model is one of the best models for working with tabular data (like ours). It regularly wins machine
learning competitions. The model is optimized for fast learning, even on large datasets like ours (>716,000 records).
XGBoost shows exactly those factors (features) that it considered most important for obtaining a forecast.

To build the XGBoost model, a Python script and the corresponding libraries xgboost, pandas, scikit-learn,
matplotlib, seaborn were used. Building the transport delay forecasting model consisted of the following 6 steps:

« Step 1. Data loading and preparation.

« Step 2. Feature engineering.

« Step 3. Defining features (x) and target variable.

« Step 4. Data partitioning and training xgboost model.
« Step 5. Model quality assessment.

« Step 6. Feature importance analysis.

For data visualization, another step was added — Step 7. Deep analysis of the model with SHAP. Let’s consider each
of the steps sequentially.
Step 1. Data loading and preparation, handling outliers and missing values.
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During the implementation of step 1, data loading and preparation were performed (Fig. 11). To control the
correctness of the program code execution, messages were displayed on the screen about the number and name of the step
(Step 1/6, Data loading and preparation...), the number of loaded records and information about the time it took to
complete data preparation, as well as information about the error in step 1.

1 print("\n[Step 1/6] Loading and preparing data...")

2 start_time = time.time()

3

4 try:

5 conn = sqlite3.connect(f'file:{DE_FILEMAME}?mode=ro’, uri=True)

A

7 query = "SELECT * FROM StopTimes WHERE temp IS MOT NULL"

8 df = pd.read_sgl_guery(gquery, conn)

2] conn.close()

a

11 print(f"Uploaded {len(df)} records.")

12

13 df["planned_arrival’'] = pd.to_datetime(df['planned_arrival’'], errors="coerce")
14 df["actual_arrival'] = pd.to_datetime(df['actual_arrival'], errors='cosrce')
15 df.dropna(subset=["planned_arrival', 'actual_arrival'], inplace=True)

16 df["delay_seconds'] = (df[’actual_arrival'] - df['planned_arrival’]).dt.total_seconds()
17 for col in ['rain_1h", ‘rain_3h', 'snow_1h', 'snow_3h', ‘wind_gust']:

18 if col in df.columns:

19 df[col] = df[col].fillna(@)

28

21 print(f"Data preparation completed in {time.time() - start_time:.2f} sec.")
22 except Exception as e:

23 print(f"Error at step 1: {e}")

24 exit()

Fig.11. Script for loading and preparing data in an xgboost model

Data quality and completeness are critical for building a reliable forecasting model. Several steps of data cleaning
and preparation were applied in this study.

Missing value handling (Imputation) was applied to both the main data and the meteorological data. In the main data,
records with missing key values planned_arrival or actual arrival were completely removed from the dataset, as it was
not possible to calculate the target variable (delay) for them. This was done using the dropna() method. In the weather
data, special attention was paid to handling missing values in weather variables. For precipitation (rain_1h, snow_1h) and
wind gust (wind_gust), missing values (NaN) were replaced with zero (fillna(0)). This imputation method is justified
because in meteorological reports, the absence of a record most often means the absence of the corresponding
phenomenon (zero precipitation or no gusts).

Outliers processing was performed in accordance with the subject area - transport systems, which by their nature are
prone to extreme but real events (serious accidents, sudden breakdowns, collapses due to extreme weather), which
manifest themselves in the form of outliers, i.e. very large delay values.

A methodological decision was made not to remove these outliers. Removing such data would lead to the creation
of an overly optimistic model, unable to predict precisely those critical situations that are most important for management.
The selected algorithm XGBoost, as an ensemble of decision trees, is resistant to outliers. Unlike linear models, where
extreme values can significantly shift the regression line, decision trees isolate outliers into separate «leavesy, preventing
them from influencing the overall structure of the model.

To integrate hourly meteorological data from the OpenWeather source with each specific record of transport arrival,
a temporal aggregation method was used. Each arrival record with a precise timestamp (e.g. 17:46) was matched with the
weather report corresponding to the nearest full hour (in this case, 18:00).

This approach is standard practice when combining data of different temporal granularities and allows for the most
accurate association of weather conditions with the moment of the event. Despite the possible inaccuracies of individual
OpenWeather sensors, the use of a large dataset (over 700,000 records) allows the model to capture general statistical
patterns, eliminating the impact of random errors in individual measurements.

Step 2. Feature engineering.

During the implementation of step 2, feature engineering was performed (Fig. 12). To monitor the correctness of the
program code execution, messages were displayed on the screen about the number and name of the step (Step 2/6, Feature
engineering...), as well as information about the duration of feature engineering in step 2.
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26 print{"\n[Step 2/6] Feature engineering (creating new parameters})...”)
27 start_time = time.time()

28

29 df["hour'] = df['planned_arrival'].dt.hour

38 df[ 'dayofweek”] = df['planned_arrival'].dt.dayofuweek

31 df['month'] = df['planned_arrival’].dt.month

32 df[ "dayofyear”] = df['planned_arrival'].dt.dayofyear

33

34 df["hour_sin'] = np.sin(2 * np.pi * df['hour'] / 24)

35 df["hour_cos'] = np.cos(2 * np.pil * df["hour'] / 24)

36 df["dayofweek_sin'] = np.sin(2 * np.pi * df[ 'dayofuesk'] / 7)

37 df["dayofuweek_cos'] = np.cos(2 * np.pi * df[ dayofuesk'] / 7)

38

39 print(f"Feature enginesring completed in {time.time() - start_time:.2f} sec.”)

Fig.12. Script for performing feature engineering in the XGBoost model

To correctly represent the time characteristics, a cyclic encoding method was used for the variables hour and
dayofweek. Using these features as prime numbers (for example, from 0 to 23 for hours) is incorrect, since the model
perceives the values 23 and 0 as the most distant, although in fact they are adjacent (23:00 and 00:00).

To preserve the cyclic nature of these data, each variable was transformed into two new ones using the sine and
cosine functions equation (4) and equation (5) for hours, and equation (6) and equation (7) for days of the week:

hour sin = sin (2 - h;:r) “4)
hour cos = cos (2 - h;):r) &)
dayofweek sin = sin (2 - dayOfweek) (6)
dayofweek cos = cos (2 T day(’fweek) (7N

These transformations map the 24-hour cycle to a circle where 23:00 and 0:00 are next to each other. A similar
transformation was applied to dayofweek with a period of 7. This approach is a standard best practice in machine learning
when working with temporal data and significantly improves the model’s ability to correctly capture daily and weekly
patterns.

Step 3. Defining features (x) and target variable (y).

During the implementation of step 3, the features (x) and target variable (y) were defined (Fig. 13). To monitor the
correctness of the program code execution, messages were displayed on the screen about the number and name of the step
(Step 3/6, Defining the data set for training...), as well as information about the number of features on which the model
will be trained in step 3.

42 print("\n[Step 3/8] Defining the training dataset...”)

43

44 -~ features = [

45 ‘stop_id', ‘trip_id’,

46 “hour', 'dayofweek', 'month',

47 ‘hour_sin', 'hour_cos', 'dayofweek_sin', ‘'dayofweek_cos',

48 "temp', 'visibility', 'dew_point®, 'feels_like’, 'pressure’,
49 "humidity', ‘wind_speed', ‘wind_deg', 'wind_gust', ‘rain_1h",
ce ‘rain_3h', ‘'snow_1h", 'snow_3h", 'clouds_all', ‘weather_id’
510 ]

52

53 X = df[features]

t4  y = df['delay_seconds']

wn
wn

56 print(f"The model will be trainesd on {len{X.columns)} features.")

Fig.13. Script for Defining features (x) and target variable (y) in XGBoost model

Step 4. Data partitioning and xgboost model training.

During the implementation of step 4, data partitioning and XGBoost model training were performed (Fig. 14). To
monitor the correctness of the program code execution, messages were displayed on the screen about the number and
name of the step (Step 4/6, Data partitioning and model training...), as well as information about model training with early
stopping and the time it took for the model to be successfully trained in step 4.
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print("\n[Step 4/6] Splitting the data and training the model...™)
start_time = time.time()

X_train, X test, y train, y test = train_test split(X, y, test size=8.2, random state=42)

58

59

6a

61

62

63 ~ model = xgb.XGBRegressor(

64 objective="reg:squarederror’,
65 n_estimators=12e8,

66 max_depth=7,

67 learning_rate=e.85

68 subsample=8.8,

69 colsample_bytree=8.8,
78

a n_jobs=-1,
71 random_state=42,
72 eval metric="mae’
73

75 ~ model.fit(X_train, y_train,

76 eval_set=[(X_test, y_test)],
77 early_stopping_rounds=58,
78 verbose=False)

8@ print(f"The model was successfully trained in {time.time() - start_time:.2f} sec.™)

Fig.14. Script for data partitioning and xgboost model training

The hyperparameter optimization of the XGBoost model is largely dependent on the tuning of its hyperparameters
and determines its performance. A systematic approach was used to find the optimal configuration, which included
splitting the data into training and validation sets. Key hyperparameters, such as n_estimators (number of trees),
max_depth (maximum tree depth), learning_rate (learning rate), subsample, and colsample bytree, were selected to
minimize the mean absolute error (MAE) on the validation set. In addition, an early stopping mechanism was used to
prevent overfitting. The model was trained iteratively, and if its performance on the validation set did not improve for 50
consecutive iterations (early stopping_rounds=50), the training process was automatically stopped. This ensures that the
model does not overfit to the training data and maintains high generalization ability. The final hyperparameter values
(n_estimators=1000, max_depth=7, learning_rate=0.05) are the result of this optimization process.

Step 5. Model quality assessment.

During the implementation of step 5, the quality assessment of the XGBoost model was carried out (Fig. 15). To
monitor the correctness of the program code execution, messages about the number and name of the step were displayed
on the screen (Step 5/6, Model quality assessment on test data...), the mean absolute error (MAE) values in seconds and
the coefficient of determination (R?) values obtained in step 5 were calculated.

=]

print("\n[Step 5/8] Assessing the quality of the model on test data...”)
start_time = time.time()

predictions = model.predict(¥_test)

mae = mean_absclute_error{y_test, predictions)
r2 = r2_score(y_test, predictions)

print
print
print
print

f"- Mean Absoclute Error (MAE): {mae:.2f} seconds")

f"(This means that on average the model prediction deviates from the actusl delay by {mas:.2f} sec.)")
£

f

MO @ W s o B W

- Coefficient of determination (R*): {r2:.2f}")
"(This means that our model explains {r2*18@:.8f}% of the variability in delays)")

WO WD WD 00 GO B0 GO 00 GO GO 60

w

Fig.15. Script for xgboost model quality assessment

As a result of step 5, the model quality score on the test data, calculated as the mean absolute error (MAE), was
250.44 seconds, which means that on average the model forecast deviates from the real delay by 250.44 seconds, and the
coefficient of determination (R?) was 0.72, which meant that the XGBoost model explains only 72% of the delay
variability. Despite the obtained values, the constructed XGBoost model is considered to be of very high quality and
sufficiently informative [35,33], since using the data provided to it (time, route, weather), it was able to explain 72% of
all the reasons for delays. The remaining 28% are random factors that we did not take into account (road accidents,
breakdowns, traffic jams due to street closures, the human factor of the driver, etc.) [36,37]. For a real, chaotic system
like urban traffic, the indicator 0.72 is a fairly good result. This indicates that the constructed XGBoost model is useful
in practice. Although the mean absolute error (MAE) is 4 minutes and 10 seconds, this means that on average, the
prediction of the constructed XGBoost model deviates from the actual delay by a little more than 4 minutes. Considering
that some vehicle delays on the route reached 30-40 minutes (or even more during collapses), the error of 4 minutes is
quite acceptable. This means that the model can reliably distinguish a situation when the delay will be ~5 minutes from a
situation when it will be ~20 minutes.

Step 6. Feature importance analysis.

During the implementation of step 6, an analysis of the importance of the features obtained as a result of the work
of the XGBoost model was carried out (Fig. 16).
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print("\n[5tep 6/6] Analysis of the importance of features...”™)

~ feature_importance = pd.DataFrame({

"feature': X.columns,
"importance': model.feature_importances_

).sort_values('importance’, ascending=False)

top_features = feature_importance.head(28)
print("Top 2@ most important features according to the model:™)
print(top_features)

plt.
sns.
plt.
plt.
plt.
plt.
plt.

figure(figsize=(12, 8))

title('The importance of features for predicting transport delays', fontsize=16)
xlabel({"Importance’, fontsize=12)

ylabel('Feature’, fontsize=12)

tight_layout()

savefig('feature_importance.png')

print("\nFeature importance graph saved to file 'feature_importance.png'")

print("\n--- Example of using a model for forecasting ---")
sample data = X _test.iloc[[@]].copy()

sample_data['hour'] = 17

sample_data['dayofweek’]
sample_data['snow_1h"] =
sample_data[ 'temp'] = -2.

5

@

sample data[ 'visibility'] = 2ee@

sample_data['hour_sin'] = np.sin(2 * np.pi * 17 / 24)
sample_data['hour_cos'] = np.cos(2 * np.pi * 17 / 24)
sample_data[ 'dayofweek_sin'] = np.sin{2 * np.pi * 4 / 7)
sample_data[ 'dayofweek_cos'] = np.cos{(2 * np.pi * 4 / 7)

predicted_delay = model.predict(sample_data)[@]

print(f"For the scenario (Friday ewvening, snow), the model predicts a delay of: {predicted_delay:.@8f} sec.")

Fig.16. Script for feature importance analysis of the xgboost model

To monitor the correctness of the program code execution, messages were displayed on the screen about the number
and name of the step (Step 6/6, Feature importance analysis...), information about the top 20 most important features
obtained by the XGBoost model, the importance of the features themselves for predicting transport delays, as well as
information about saving the feature importance graph constructed in step 6 to a file.

Table 4. Top 20 most important features according to the results of the developed XGBoost model

ID Feature Importance
4 month 0.141252
5 hour_sin 0.066720
3 dayofweek 0.060233
15 wind_speed 0.059938
7 dayofweek_sin 0.056590
12 feels_like 0.055598
13 pressure 0.053066
8 dayofweek cos 0.050808
9 temp 0.047060
10 visibility 0.043264
14 humidity 0.042001
1 trip_id 0.040742
6 hour cos 0.040696
2 hour 0.036016
11 dew_point 0.035909
16 wind_deg 0.034328
22 clouds_all 0.032773
0 stop_id 0.026326
23 weather id 0.025168
18 rain_lh 0.019187
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As a result of step 6, a database table was formed, which included the top 20 most important features according to
the results of the developed XGBoost model (Table 4). The results presented in Table 4 are the most important and fully
confirm our previous hypotheses about the dominance of not weather, but time and contextual factors and the secondary
influence of weather on delays in public transport.

The results presented in Table 4 provide a multifaceted picture that fully supports both hypotheses, revealing the
complex interplay between operational and weather factors. First, the results clearly support Hypothesis 1, which assumes
the dominance of deterministic system dynamics. The highest positions in the importance ranking are occupied by
temporal and contextual factors: month, hour sin, dayofweek, trip id, and stop id. This proves that the expected
operational cycles and static network topology form the baseline of system reliability and are the main predictors of delays.
Second, and what is the key contribution of our research, the results support Hypothesis 2, which positions meteorological
conditions as a nonlinear, state-dependent disturbance agent. As can be seen from Table 4, weather factors such as
wind_speed, feels like, pressure and temp are among the top 10 most important features and have high predictive power.
However, their influence is not absolute, but conditional. This actually necessitates a deep analysis of the model using
SHAP, which is able to show how the negative effect of adverse weather conditions, such as snow or poor visibility, is
manifested when it is insignificant, and when it has a greater impact on the operation of the transport system.

The most important factor is month, which is absolutely logical, because seasonality has a cardinal effect on traffic,
among the patterns are winter holidays (December), the beginning of the school year (September), when there are more
cars and more passengers, as well as summer vacations, when, on the contrary, there are fewer cars and fewer passengers.
Next are the time factors: hour_sin, dayofweek, dayofweek sin. All of this is directly related to rush hours, weekends or
weekdays, which indicates the second most important set of factors. The XGBoost model clearly saw daily and weekly
cycles. Spatial features formed the third important group of factors: trip_id, stop_id. It is the specific route and specific
stop that are problematic, as they pass through problematic areas (complex intersections, poor traffic light regulation,
etc.). This is also a very important context.

The feature importance metric in XGBoost shows the relative contribution of each feature to the model, i.e. how
often this feature was used for splitting. The sum of all importance values for all features is 1.0. By summing the
importance indicators for the dominant factors, which are time and contextual (operational) factors, a value of 0.520 (or
52%) was obtained. This group of 20 top factors included the categories: month, hour_sin, dayofweek, dayofweek sin,
dayofweek cos, trip_id, hour_cos, hour, stop_id. This allows us to state that together time and contextual (operational)
factors account for more than 52% of the total importance of all features used by the model. Weather conditions are in
the middle of the list of top 20 most important features. The total importance of the weather factors (wind_speed,
feels like, pressure, temp, visibility, humidity, dew_point, wind deg, clouds_all, weather id, rain 1h) is 0.448 (or 44.8%).
Together, weather factors account for over 44% of the total importance of all features used by the model. This means that
the influence of weather conditions is a very important factor in itself (their total weight is almost the same as that of
operational factors), i.e. it is important to know not only when and where the trip takes place, but also under what weather
conditions.

To calculate the ratio of the total importance of one group of factors to another, the ratio of the total importance of
time and contextual factors (0.520) to the total importance of weather factors (0.448) was calculated. As a result,
0.520/0.448~=1.16, i.e. the combined impact of time and contextual factors is only 1.16 times greater than the impact of
weather factors.

So, the developed XGBoost model indicates that it is much more important to know that it is 17:30 on a Friday in
December than that the temperature is -5°C, that is, for building a forecast, it is more important that it is rush hour than
information about light snow on the day. Actually, the magic of tree-shaped models is that the decision trees of which
they are composed look for interactions between factors, as opposed to simple correlation, which looks at each feature in
isolation. Only one tree in the XGBoost model can divide the data at the top level by hour > 16 (peak hour), and then, in
the branch where hour > 16, the next division is made by snow_1h > 1, and in the branch where snow_1h > 1, the next
division is made by wind_speed > 15.

Indeed, the reliability of public transport is not determined by a simple sum of independent factors, but by a complex
interaction between a deterministic operational base and stochastic external disturbances according to a hierarchy: first,
when and where the trip takes place is taken into account, and then weather data is used, which is what SHAP is used for.
It is the combination of XGBoost and SHAP that will allow us to obtain a complete and deep, non-trivial conclusion that
would not be possible using simpler methods.

4.4. Deep Analysis of the Model with SHAP

Deep analysis of the XGBoost model using SHAP was performed during the implementation of step 7, which is
shown in Fig. 17. As a result of executing the program code (Fig. 17), messages were displayed on the screen about the
number and name of the step (Step 7/7, Deep analysis of the model with SHAP...), information about creating an explainer
for the model, the completion time of calculating SHAP values, and the completion of constructing four graphs of the
importance of features (total influence graph and interaction graphs) based on the characteristics obtained by the XGBoost
model.
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134 print("\n[Step 7/7] Deep model analysis with SHAP...")

135 start_time = time.time()

136

137 X_sample = X_test.sample(min(SHAP_SAMPLE_SIZE, len(X_test)), random_state=42)
138

139 print(f"- Creating an 'Explainer’' for the model...")

148 explainer = shap.Treekxplainer(model)

141 print(f"- Calculating SHAP valuss for {len(X_sample)} records (this may take a few minutes)...™)
142 shap_values = explainer.shap_values(X_sample)

143 print(f"Calculation of SHAP values completed in {time.time() - start_time:.2f} sec.")
144

145 print("\nBuilding a general graph of the importance of features (Summary Plot)...")
146 fig, ax = plt.subplots()

147 shap.summary_plot(shap_values, X_sample, show=False)

148 plt.title("Overall impact of features on delay prediction”, fontsize=16)

149 plt.tight_layout()

158 plt.savefig('shap_summary_plot.png")

151 plt.close()

152 print("- Graph saved to file 'shap_summary_plot.png'")

Fig.17. Script for deep analysis of xgboost model with shap and example of one visualization

The overall impact graph is shown in Fig. 18, where each row is one feature sorted by importance, each point on the
graph is one record from the generated sample (X sample), and the position of the point on the X-axis shows how much
and in which direction this feature “pushed” the forecast for a particular record. Fig. 18 shows a positive SHAP value on
the right, i.e. a feature that increased the predicted delay, and a negative SHAP value on the left, i.e. a feature that
decreased the predicted delay. The color of the point shows the value of the feature itself, where red/pink indicates a high
value, e.g. late hour, blue indicates a low value, e.g. no snow [38-40]. In the graph (Fig. 18), we see that the pink hour
points are mostly on the right, which means that late hours increase delays.

Overall impact of features on delay prediction Hioh
ig
feels_like

temp

hour_sin ee =

stop_id

trip_id . .
hour
dew_point
humidity
month
dayofweek

pressure

Feature value

wind_deg
wind_speed
visibility
hour_cos
dayofweek_sin
rain_lh
clouds_all
weather_id

dayofweek_cos

-2000 -1500 -1000 -500 O 500 1000
SHAP value (impact on model output)

Fig.18. Graph of the overall impact of the XGBoost model, constructed with SHAP

The total influence plots show the overall hierarchy of factors. However, to answer the question of the true role of
weather and avoid exaggerating its secondary role, it is necessary to consider its impact not in isolation, but in interaction
with other, more dominant factors. This is where interpretive machine learning methods such as SHAP reveal their full
potential, allowing us to visualize complex, nonlinear relationships.

The SHAP interaction plots (Fig. 19-21) allow us to analyze the impact of weather in detail. They clearly demonstrate
that the impact of weather conditions is not a constant, but a function that depends on the operational context.

The interaction graphs (shap_dependency _...png) are shown in Fig. 19, which show various interactions, for example,
the interaction of hour with snow (shap dependency hour vs snow). Here, the X-axis shows the value of the main
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feature, hour of day (hour,), and the Y-axis shows the SHAP value for this feature, i.e., shows how many seconds hour
increased/decreased the forecast. The color of the points indicates the value of the “interacting” feature (snow_1h), where
red/pink indicates a lot of snow, and blue indicates little or no snow.

In the graph of the interaction of hour and snow (Fig. 19), we see a classic example of this effect. The vertical “scatter”
of the points for each hour shows how the impact of that hour on delay varies depending on the presence of snow. During
peak hours (e.g., 8:00 AM and 5:00 PM-6:00 PM), the pink points (indicating the presence of snow) have significantly
higher SHAP values than the blue points (without snow). This means that the impact of the peak hour on delay is
significantly increased when it is snowing. In contrast, at night or during the off-peak period (e.g., 11:00 AM to 3:00 PM),
the difference between the blue and pink points is minimal. This is because during peak hours, the transportation system
is operating at its capacity. There is no “safety margin,” and any additional stressor, such as snow, that forces drivers to
drive more slowly instantly causes a cascading effect of delays. During the off-peak period, the system has sufficient
reserves to absorb this impact without significant consequences.

Effect of hour on delay depending on snow
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Fig.19. Graph of dependence and interaction of features Hour vs Snow in the XGBoost model, built with SHAP
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Fig.20. Graph of dependence and interaction of the Snow vs Temperature features in the XGBoost model, built with SHAP

In these graphs, the vertical “spread” of the points is important. If for a certain hour (hour = 17) the blue points
(without snow) are at the same level on the Y-axis, and the pink points (with snow) are much higher, this means that the
impact of the 17th hour on the delay is significantly increased when it snows. This is a visualization of the cumulative
effect. The SHAP visualization clearly shows that the problem is not just the rush hour and not just the snow, but a
combination of them. The same applies to other interaction graphs such as Snow vs Temperature (Fig. 20), which can be
used to determine whether the impact of 5 mm of snow is stronger when the temperature is near zero (wet snow) than
when it is -10°C (dry snow)?

A similar pattern is observed for visibility (Fig. 21). The impact of weather conditions is not a constant, but a
nonlinear function that depends on the operational context. Poor visibility (blue dots on the SHAP graph) has a much
stronger negative impact (increasing delays) precisely during the morning and evening rush hours, when traffic intensity
is maximum. During the day or at night, when traffic is light, its impact is much smaller. Also, the interaction plot of
visibility vs hour (Fig. 21) determines that the impact of poor visibility of 500 meters is stronger in the late evening and
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at night (high/low hour values) than during the day. These visualizations provide a much deeper understanding of the
model behavior and real-world processes than simple numbers.

Effect of visibility on delay depending on the time of day
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Fig.21. Dependency and interaction graph Visibility vs Hour in the XGBoost model, built with SHAP

We see that the model automatically creates a rule that takes into account the combination of “rush hour + heavy
snow + strong wind”. The importance of these features is their cumulative contribution to all such rules for a thousand
trees.As shown in the deep analysis of the model using SHAP (Fig. 18-21), the negative effect of adverse weather
conditions (for example, snow or poor visibility) is relatively insignificant during periods of low operational load, but is
significantly amplified during peak hours, when the system is operating at the limit of its capacity. The conducted research
proves that the reliability of public transport is determined not by a simple sum of independent factors, but by a complex
interaction between a deterministic operational base and stochastic external disturbances. The XGBoost model
successfully revealed this hierarchy: first it takes into account when and where the trip takes place, and then uses weather
information to refine the forecast depending on the current state of the system.

Thus, the XGBoost model and SHAP analysis do not simply show that weather is “less important.” They reveal a
deeper and more practically meaningful conclusion: the importance of weather conditions is not equally more or less
important, i.e. a constant value, but rather in quantifying the nonlinear and conditional nature of this function, which
depends on the current state of the transportation system. Factor analysis conducted using our interpretive machine
learning model shows that these deterministic dynamics are the dominant predictors of delay, setting a predicted marginal
performance that is superimposed by external stochastic factors such as weather, supporting Hypothesis 1.

Evidence for predictive modeling is the high coefficient of determination (R?> = 0.72) achieved by the XGBoost
model, indicating that a significant portion of the delay variance is systematic and predictable, rather than random.

The model gave the highest weight to features that represent these deterministic dynamics. Functions such as month,
hour_sin, and dayofweek directly model time cycles. Functions such as trip_id and stop_id serve as indicators of the
network topology and its inherent bottlenecks.

From a systems perspective, this means that any strategy for optimizing passenger flows in a smart city must first
consider the inefficiencies and constraints inherent in its own operating schedule and infrastructure. Simply responding
to external events is not enough if the underlying system performance is not well understood and optimized.

Interpretive machine learning analysis (specifically, SHAP plots) shows that the marginal impact of weather on delay
duration is minimal when the system is operating at low capacity (off-peak conditions), but increases significantly and
nonlinearly when superimposed on high capacity and high stress conditions (peak hour traffic), supporting Hypothesis 2.
The interpretive machine learning evidence is the SHAP interaction plots, which provide direct visual evidence for this
hypothesis. They show that the SHAP value (forecast impact) for an adverse weather event such as snowfall is
significantly higher during peak hours (hours = 8 or 17) than during off-peak hours (hours = 3 or 4). This demonstrates a
strong interaction effect, rather than a simple additive one. This hypothesis explains why simple correlation analysis failed
to find a strong relationship between weather and delays. By averaging the effect across all system states, the strong,
conditional impact during peak hours was diluted by a small impact during off-peak hours.

The sensitivity analysis of the model, i.e. the study of how changes in key features affect the model’s predictions,
was conducted using the SHAP framework. This advanced method allows not only to assess the overall importance of
each feature, but also to visualize the nature of its impact on the forecast.

The SHAP dependence and interaction plots (Fig. 19-21) are a direct result of this sensitivity analysis. For example,
Fig. 19 shows how the model responds to a change in the hour of day (hour) and how this response is modulated by
another feature, the presence of snow (snow_1h). Analysis of these plots shows that the model is highly sensitive to the
interaction between operational and weather factors.

In particular, it was found that the negative impact of bad weather (snow, low visibility) on the predicted delay is
relatively small during periods of low load but is significantly amplified during peak hours. This confirms that the model
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successfully captured complex, nonlinear dependencies in the data, which is key to adequately modeling real-world
transport processes.

4.5. Justification of the Methodological Choice of the XGBoost in Combination with SHAP

Regarding the value of choosing the XGBoost methodology in combination with SHAP, we would like to note that
it was this combination that allowed us to obtain such a deep, non-trivial conclusion that would not be possible using
simpler methods. The choice of methodology for analyzing complex systems such as urban transport is critically important
and requires a balance between predictive accuracy, interpretability and computational efficiency. The combination of
the XGBoost model and the SHAP interpretation method was chosen as the optimal approach to solving the tasks set, as
well as a tool that allows us to meet the needs of both technical and applied audiences.

The simplest approach to factor analysis is linear regression or correlation analysis. However, as our Pearson
correlation analysis (Table 3) showed, the linear relationships between individual weather parameters and delays are
extremely weak (correlation coefficients do not exceed 0.044). Naturally, simple linear models are not able to capture the
complex, nonlinear nature of the dependencies in the transport system and will have low predictive power. This confirms
the need to use more powerful, nonlinear models. Although Random Forest is a powerful ensemble method, XGBoost,
as a representative of the boosting algorithm family, often demonstrates higher accuracy. Instead of averaging the results
of independent trees, as in Random Forest, XGBoost sequentially builds new trees that correct the errors of the previous
ones, which allows to achieve better accuracy on complex data sets. In addition, XGBoost offers more flexible
regularization mechanisms (L1 and L2), which allows to more effectively control the complexity of the model and avoid
overfitting. For tasks where maximum prediction accuracy is important, boosting is often preferable. For example, in the
study of flight delays by [33], the Random Forest model achieved R? = 0.62, which is a good but not outstanding result.

Deep neural networks are a powerful tool for working with time series, but they are a classic example of a «black
box». Their interpretation is an extremely difficult task, which directly contradicts one of the key goals of our research -
conducting deep factor analysis. While ensemble trees such as XGBoost are much easier to interpret using XAI methods
such as SHAP. In addition, neural networks perform best when working with unstructured data (images, sound, text),
while ensemble trees such as XGBoost have traditionally dominated tasks on structured, tabular data, which is our
operational and weather records. They work more efficiently with heterogeneous features and are less sensitive to data
scaling. At first glance, the coefficient of determination R? = 0.72 may not seem ideal. However, when viewed in the
context of similar studies of delays in real-world transportation systems, this result is high and competitive. Transport
systems are chaotic, open systems, where a significant part of the variability is due to truly random, unaccounted for
factors (road accidents, sudden breakdowns, etc.). Therefore, achieving perfect accuracy (R?*<~1.0) is theoretically
impossible.

Table 5. Comparative table of models for analysing passenger transport delays

E Parameter Description Significant predictors Accuracy (value) App 1_10_a.t ton References
possibilities
- . 1. Temporal (month, .
XGBoost Public Predictive modehng anq hour, day of the week) 2. St.rateglc an.d
factor analysis of delays in . tactical planning,
(our transport a city of ~1 million Contextual (route ID, R2=0.72 decision subDOLt -
model) delays (bus) tyo ulation stop ID) 3. Weather S stempp
pop ) (secondary factor) Y )
. Optimization of
. . 1. Operational (stop
Gradient FoSr e(cjisetlnagn(fiegz\ge\l{aéim sequence, trip start time, R?=0.66 ferirr};lsigsi?les,
Boosting | Ferry delays yaney interval) 2. Vessel ID 3. (Sydney) R*= proving [41]
using open data (GTFS, . synchronization
(GB) Weather (minor 0.78 (New York) !
weather, passenger traffic). . with other modes
influence)
of transport.
Random Forecasting real-time flight Not detailed but includes Real-time air
. delays based on ADS-B . . traffic control,
Forest Flight delays . weather and operational R2=0.62 [33]
signals and METAR/TAF passenger
(RF) data. . >
weather reports. information.
Assistance to
XGBoost | Flight delays jt&flee:jt}lfel: glf(;}fpleriz?grtuﬁf 1. Departure time 2. acglifszifjlc%ﬁg; ) e;:lrfr?rgzgmtfklli}g [25]
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Comparative analysis shows that our model is on par with or exceeds the results of similar studies (Table 5). As can
be seen from Table 5, in the study of ferry delays by [41], the gradient boosting model achieved an R? of 0.66 for Sydney
and 0.78 for New York. In the work [33] on forecasting flight delays, the Random Forest model achieved an R? of 0.62.
In the study of train delays by [42], statistical models obtained R? in a wide range from 0.59 to 0.92 depending on the
station, which highlights the complexity and variability of the problem. Against this background, the ability of our model
to explain 72% of the variability in urban bus delays indicates its high predictive power and the adequacy of the chosen
method.

Thus, the choice of methodology was dictated not only by the desire to achieve high accuracy, but also by the need
to answer problematic questions in the field of transport technologies using modern methods and technologies. Our
research is aimed at both machine learning specialists and transportation engineers and urban planners. It is the
combination of XGBoost and SHAP that allows us to meet the needs of both groups. For the technical audience, we
demonstrate the application of the XGBoost algorithm to solve a complex nonlinear regression problem, achieving high
accuracy, which is confirmed by comparison with other studies. This demonstrates technical awareness and a desire to
obtain reliable results.

For the applied audience, we do not simply provide a “black box”. With SHAP, we transform a complex model into
an interpretable decision support tool. SHAP plots (Fig. 18-21) visualize the contribution of each factor and their
interactions, making the model’s conclusions understandable and testable for engineers who can use this knowledge for
practical planning.

Thus, the chosen methodology is not a compromise, but a synergy, where XGBoost provides accuracy and SHAP
provides explanation. This approach allows us to build a «bridge between theory and practicey, transforming an advanced
theoretical tool into a practical, effective tool for decision-making, which is the main methodological value of our work.

Thus, the impact of weather is conditional and modulated by the operational context (time and place). For a transport
manager, this means that it is necessary to react not simply to the forecast «snow tomorrowy, but to the combined forecast
«snow tomorrow during the evening rush hour on route No. 5». This allows us to move from general, ineffective measures
to targeted, preventive actions aimed at the most vulnerable temporal and spatial segments of the network. It is this ability
of the model to detect complex, nonlinear interactions that is the main advantage of interpretive machine learning, which
creates a bridge between theoretical modeling and practical management. This finding is critical for the development of
adaptive traffic management systems in a smart city. It suggests that predictive models should trigger proactive responses
(e.g., dynamic schedule adjustments, passenger notifications, rerouting) not only based on the weather forecast, but also
based on a combination of the weather forecast and the predicted operating state of the transportation network. The
system’s response to 2 cm of snow at 5:00 PM should be fundamentally different from its response to 2 cm of snow at
3:00 AM.

4.6. From Model Interpretation to Decision-making: Opportunities, Limitations, and Practical Application

Successful application of machine learning in applications such as transportation planning requires not only high
predictive accuracy, but also transparency and interpretability of the model. It is important to understand how the proposed
approach of using XGBoost in combination with SHAP serves as a bridge between complex data analysis and practical
management decision-making, as well as to consider the limitations of the chosen methodology and how it can be directly
applied by practitioners.

Although the SHAP method is a powerful tool, it is not without certain limitations that should be considered when
interpreting the results. First, it is an interpretation of the model, not reality. SHAP explains how the model uses the input
data to generate a prediction, and does not necessarily reveal true cause-and-effect relationships in the real world. If the
model is trained on biased data, SHAP will only help us understand this bias, but will not correct it. Second, it is
computationally complex. Calculating exact SHAP values, especially for interaction analysis, is often computationally
expensive for very large datasets and complex models. Third, there is the risk of misinterpretation. SHAP plots, while
visually appealing, require a certain level of expertise to interpret correctly. For example, a high SHAP value for a
particular feature does not always mean that changing that feature is the best way to affect the outcome, especially in the
presence of strong interactions.

There are alternative methods, such as LIME (Local Interpretable Model-agnostic Explanations), which
approximates the «black box» behavior locally using simpler models. However, SHAP was chosen for this study because
of its strong theoretical basis (game theory) and the property of consistency, which ensures that the importance of a feature
does not decrease if its real influence in the model increases.

To bridge the gap between the complexity of the model and the needs of end users (transport engineers, managers),
we propose a two-tier approach to its application: an analytical level (for experts) and a managerial level (for managers).
At the analytical level, a data analyst trains the XGBoost model and conducts deep analysis using SHAP, generating
visualizations as in Fig. 18-21, and identifying key patterns and interactions. At the managerial level, the manager uses
the results of this deep analysis in the form of practical, actionable recommendations and tools that no longer require a
deep understanding of machine learning.

Since the model results clearly indicate the need to change the management paradigm from reactively dealing with
unpredictable weather conditions to proactively managing operations based on predictable cycles [44-47], below are
examples of such tools for improving the reliability and punctuality of the transport system, which are a direct
consequence of the analysis of our model.
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The model serves as a basis for decision-making for the year/season ahead, becoming a tool for strategic planning
for the long term.

« In adaptive seasonal planning, the identification of the month factor as the most important directly indicates the
inefficiency of a single schedule. The proposed model allows managers to quantitatively assess seasonal
fluctuations in delays, which allows developing separate schedules (autumn, winter, summer), optimizing the
distribution of rolling stock.

«  When planning express flights, specialists from the schedule development department have reliable information
that in September the model shows a sharp increase in delays on routes near educational institutions, which is
the justification for the planned launch of additional flights in the morning hours (7:30-9:00) for the first two
weeks of the school year.

The model allows you to identify and solve local, daily problems, serving as a tool for tactical optimization in the
short term.

«  To identify «hotspots», a model is proposed that systematically records high SHAP values for the combination
of stop_id and hour (for example, stop Z on route Y from 17:00 to 18:30), becoming an automatic signaler of
problem areas.

. To diagnose the causes, such a signal from the proposed model is the basis for the departure of a technical team
and conducting a tactical analysis. As studies show, the causes can be an unsuccessful traffic light cycle [48-
50], chaotic parking or a bottleneck on the road. The model allows you to focus the limited resources of
engineering services on those areas where it will have the greatest effect.

«  For a prompt response, identifying the problem of a shortage of rolling stock on a specific route allows you to
tactically introduce an additional bus 15 minutes before the peak route to relieve the main passenger flow.

«  Furthermore, beyond operational improvements, the model serves as a powerful tool for proactive passenger
information. Based on its predictions, information systems (e.g., information displays at stops and within mobile
applications) can shift from stating facts («the bus is late») to providing advance warnings. The proposed model
enables a transition from generic messages to providing more specific information regarding possible delays
due to weather. This includes specifying the time (day, hour) and route numbers where significant disruptions
are expected due to the combined impact of peak loads and adverse weather conditions (e.g., snow, heavy rain).

Thus, the developed model and its interpretation serve as a full-fledged decision-making support system. It does not
require the transportation engineer to understand the intricacies of gradient boosting. Instead, it provides him with clear,
localized signals in time and space about existing and potential problems and quantifies strategic changes in scheduling
and resource allocation. Perhaps the most unexpected, yet highly effective, practical application of the XGBoost model’s
results is its use as an objective basis for constructive dialogue between the public and city authorities. When discussing
funding issues, such as the procurement of new vehicles, the model’s outputs serve as a powerful argument that transforms
a funding request into a business proposal for investing in the city’s transport system with a clear, predictable return.

In general, the developed XGBoost model transforms a chaotic, at first glance, transport system into a predictable
one. It allows you to see not just problems, but their real causes, and, most importantly, indicates where to direct limited
resources to obtain the maximum effect. This is the main value of the developed XGBoost model for the science and
practice of passenger transport management within the framework of the Smart City concept.

4.7. Interpretation of Unexplained Variance: The Role of Random External Factors

The study deliberately focuses on the analysis of systematic, predictable factors (temporal, contextual, weather) that
affect delays. However, as rightly noted in [51,52], random external factors also have a significant impact on transport
systems - stochastic, high-amplitude events, such as road accidents, sudden vehicle breakdowns, unforeseen street
closures and other incidents. Although this study did not have access to structured data on such events, the model we built
allows us to indirectly but quantitatively assess the cumulative impact of random factors due to unexplained variability.

The key indicator of the quality of our model is the coefficient of determination (R?), which was 0.72 in the test
sample. This means that the developed model, using only systemic and predictable factors, was able to explain 72% of
the total variability in public transport delays.

It is natural to overlook that the remaining 28% of unexplained variability is a quantitative expression of the
combined impact of these random, unmodeled external factors. Thus, the model does not ignore these factors, but, on the
contrary, allows us to isolate and measure their total contribution to the chaotic nature of the system. We believe that the
absence of these data is not a critical drawback for this study, since in addition to the two levels of transport management,
namely: strategic planning and operational response, there is also a level of response to incidents that are random events.

The focus on strategic and tactical planning corresponds to the goal of this work, namely, to create a tool for proactive
planning and optimization of the system based on predictable patterns. A transport manager cannot plan an accident for
next Tuesday, but he can and should plan route reinforcement for every Tuesday if the model shows systematic delays
there. Our model, explaining 72% of delays due to systemic causes, provides a powerful tool for this level of management.
It allows us to deal with chronic, predictable «diseases» of the system, and not just with its acute, random «injuriesy.
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For urban planners and transportation engineers, this approach is more than adequate. Their task is to design the
system so that it is as resistant as possible to typical loads. Our model gives them data for making decisions in this area,
for example, where to widen the road, how to adjust traffic lights, on which routes to increase the number of buses at
certain hours or seasons. These are practical consequences that directly follow from our analysis.

At the same time, this limitation opens a clear direction for further research. The next step will be to develop a hybrid
model that combines a basic predictive layer (our model), where the expected system delay is predicted based on time,
context and weather, with a real-time predictive layer: Integration with real-time incident data sources (e.g. police reports,
driver reports) to predict additional, “anomalous” delays caused by random factors.

Such a multi-layered approach will allow for an even more complete and accurate forecasting system. However, as
a fundamental study aimed at deconstructing and prioritizing system factors, the study can be considered complete. It
successfully proves that the vast majority of daily public transport problems are not random, but predictable, and therefore
can and should be managed proactively.

5. Conclusions

This study aimed to identify and quantify critical factors affecting passenger transport reliability to create a
scientifically sound basis for prioritizing management decisions. To achieve this goal, a number of tasks were performed,
which allowed obtaining the following conclusions:

A high-accuracy model based on gradient boosting (XGBoost) was developed and successfully trained, which is
capable of effectively predicting public transport delays, integrating large arrays of operational and weather data. The
model demonstrated high predictive ability, which confirms the adequacy of the chosen approach for analyzing complex,
nonlinear processes in urban transport systems.

Using interpretive machine learning methods, in particular SHAP, a deep factor analysis was conducted, which
allowed not only to identify, but also to rank the causes of delays by the degree of their influence. This approach made it
possible to transform the «black box» model into a transparent analytical tool.

Quantitative assessment of the impact of different groups of factors allowed to draw a key, multifaceted scientific
conclusion. Using interpretive machine learning methods, it was found that the basis for predicting delays is formed by
operational (temporal and contextual) factors, while weather conditions act as a powerful, but secondary modulating
factor. Analysis of the importance of features showed that temporal and contextual factors, such as month (month), hour
(hour_sin), day of the week (dayofweek), trip ID (trip_id) and stop ID (stop_id), collectively account for more than 52%
of the total contribution of all features to the predictive power of the model. This quantitatively confirms that systemic,
predictable cycles (seasonal, weekly, daily) and static network topology are fundamental predictors of reliability.

Weather conditions such as wind speed (wind_speed), feels_like (feels like) and pressure (pressure) also showed
high significance, together accounting for almost 45% of the total importance. However, unlike operational factors, their
influence is not absolute. SHAP analysis showed that the negative effect of bad weather is highly context-dependent: it
is significantly amplified during operational peaks (e.g. rush hours) but remains minimal at other times. The study proves
that the reliability of public transport is determined not so much by the struggle with stochastic nature, but by the ability
to manage predictable operational patterns.

The question is not “will it snow?” but “will it snow on Friday at 5:30 PM on route #5?” This fundamentally changes
the approach to prioritizing management decisions, shifting the emphasis from reactive response to weather to proactive
planning based on time and place analysis.

Quantitative assessment of the impact of different groups of factors allowed to draw a key scientific conclusion:
contrary to popular belief, operational (temporal and contextual) factors have a dominant influence on the occurrence of
delays. The most important predictor was the month, which reflects the strong influence of seasonality. It is followed by
daily and weekly cycles (hour, day of the week) and spatial context (route and stop identifier). Weather conditions,
although included in the top 20 most important features, turned out to be a secondary, modulating factor, the impact of
which is much less significant compared to WHEN and WHERE the trip takes place.

Based on the results obtained, scientifically based recommendations were formulated, consisting in changing the
management paradigm. Instead of reactively responding to stochastic weather phenomena, transport operators should
focus their efforts on proactively managing operational cycles. This includes the development of adaptive seasonal
schedules, dynamic management of rolling stock according to expected load peaks, and targeted analysis of «hotspots»
on the transport network.

Thus, the presented work successfully completed the tasks set. It demonstrates how modern data analysis methods
create a bridge between academic theory and engineering practice. The developed model is not just an abstract algorithm,
but a full-fledged decision support system that converts theoretical achievements in the field of XGBoost and XAl into
specific, measurable recommendations. This encourages the transition from intuitive, reactive management to a proactive,
scientifically based approach to improving the reliability of public transport in a smart city.
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