ABSTRACT

Urban congestion remains a persistent challenge for cities, where disruptions
often propagate across road networks in complex and poorly understood ways. While
recent models such as the Spatio-Temporal Graph Neural Point Process (STGNPP)
provide strong performance in congestion event prediction (2), they offer limited inter-
pretability for understanding why and how congestion spreads. Conversely, Granger
causality serves as a prominent approach for uncovering directional dependencies in
traffic flow (6) but struggles to scale to large, high-dimensional transportation networks.
This gap highlights the need for a unified framework that combines both predictive
accuracy and causal interpretability.

This research proposes a Causal-Enhanced STGNPP framework that integrates
congestion event prediction with scalable causal analysis. Building on the strengths of
STGNPP and inspired by recent work such as the Spatio-Temporal Granger Causality—
Graph Neural Network (STGC-GNN) for traffic speed prediction (11), the proposed
model introduces a Granger-based causal discovery module to identify statistically sig-
nificant causal pathways of congestion propagation. Using a comprehensive traffic
dataset from Xuancheng (3), this study investigates whether incorporating causal struc-
ture can improve event prediction performance and provide interpretable explanations
for network-wide congestion dynamics.

Given this motivation, the project aims to address the following question: Can
causal analysis be effectively integrated into spatio-temporal neural models to enhance
congestion prediction and uncover interpretable propagation mechanisms? To answer
this, the study sets two quantitative objectives: (1) improving the congestion-event
Neural Point Process (NPP) learning objective (evaluated as MAE; for the inter-event
time between consecutive congestion events), and improving the duration modeling ac-
curacy of congestion events (evaluated as MAE,; for event duration); and (2) identifying
statistically significant causal relationships among road segments, whose measurabil-
ity and interpretation are evaluated via spatio-temporal Granger causality analysis (see
Section 5.2.2). By bridging deep learning with causal inference, this work seeks to ad-
vance both methodological development and practical decision-making for real-world
transportation systems.
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CHAPTER 1 INTRODUCTION

Traffic congestion has become one of the most pressing urban challenges of
the 21st century. According to the Texas A&M Transportation Institute’s 2021 Urban
Mobility Report, traffic congestion causes more than $190 billion in economic losses
annually in the United States, and the average commuter spends approximately 54 hours
per year delayed in traffic (7). In China, congestion-related losses account for nearly 20%
of per-capita disposable income, or approximately 5% of the national GDP (12; 13).
With global urban populations projected to reach 68% of the world’s population by
2050 (10), the severity and frequency of congestion are expected to further increase.
Beyond economic losses, traffic congestion also leads to increased air pollution and
reduced public transport reliability. These impacts make accurate congestion prediction
not only a technical problem but also a critical societal and economic necessity.

However, for many years, congestion prediction, and traffic prediction in general,
remains a challenging problem. This difficulty stems from the highly dynamic and multi-
layered nature of urban traffic systems. Congestion is not caused by a single factor but
emerges from the interaction of traffic demand, road network topology, traffic control
strategies, and external influences such as weather conditions and accidents. These
factors evolve over time and interact across space, resulting in nonlinear and spatially
heterogeneous dynamics. In real traffic networks, congestion on one road segment can

propagate to distant segments through a series of interactions, and such propagation



patterns vary over time. Therefore, congestion should be viewed as a spatio-temporal
propagation process rather than a local or static phenomenon. A reliable congestion
prediction framework must be capable of modeling both temporal evolution and spatial
dependency simultaneously.

With the rapid deployment of intelligent transportation systems (ITS) and large-
scale sensing infrastructure (16), massive volumes of traffic data have become available,
which makes data-driven traffic modeling increasingly feasible. Existing traffic predic-
tion studies can be broadly categorized into two directions (17): continuous traffic state
prediction and discrete event-based prediction. Continuous prediction focuses on vari-
ables such as traffic speed, flow, or density, while discrete prediction models congestion
or incidents as events.

Early research in traffic prediction mainly relied on statistical methods such as
autoregressive integrated moving average (ARIMA), vector autoregression (VAR), and
cellular automata (4; 18). These methods are computationally efficient and interpretable,
but they generally assume linear relationships and stationary temporal patterns, which
limits their ability to model complex traffic dynamics. Subsequently, machine learning
techniques such as regression models, support vector regression (SVR), and ensemble
methods (e.g., XGBoost) were introduced to capture nonlinear relationships (8). Al-
though these approaches improve prediction accuracy, they still struggle to model spatial
dependencies among road segments and fail to capture the structural characteristics of
road networks.

With the advancement of deep learning, spatio-temporal modeling has become
a major research direction in traffic prediction. Early neural-network-based studies had
already demonstrated the potential of data-driven traffic prediction (5), and recurrent
architectures such as gated recurrent units (GRU) and long short-term memory (LSTM)

networks later became widely used for temporal traffic forecasting (14). Convolutional



neural networks (CNN5s) have also been applied to traffic data by mapping road networks
to grid structures, which enables the extraction of local spatial patterns. However, CNN-
based methods are limited by their reliance on regular grid representations, which do not
naturally align with real-world road networks. To address this limitation, graph neural
networks (GNNs) have been introduced to model traffic systems as graphs, where nodes
represent road segments and edges represent their connectivity. Building on this idea,
spatio-temporal graph neural networks (ST-GNNs) have emerged as a family of models
that combine graph convolutions with temporal modeling modules such as recurrent
neural networks or attention mechanisms, and are widely regarded as a state-of-the-art
paradigm for traffic forecasting (1). A representative example is the spatio-temporal
graph convolutional network (STGCN) and its variants (9).

Despite these advances, most existing spatio-temporal graph-based models rely
on static graph structures. Such graphs are typically constructed based on physical
adjacency or distance and remain unchanged during training. However, real traffic
systems exhibit dynamic and asymmetric interactions. The mutual influence between
two road segments may vary over time and is often directional, depending on traffic
flow patterns and singal control. Fixed graph structures are therefore insufficient to
capture these dynamic spatial dependencies. This limits both prediction accuracy and
interpretability.

In parallel, congestion prediction has also been studied from an event-centric per-
spective. Early approaches treated congestion as a classification or regression problem
by discretizing time into fixed intervals (e.g., 5 or 10 minutes) and labeling congestion
states accordingly (19). While such formulations are convenient, they introduced artifi-
cial temporal boundaries that do not align with the continuous nature of congestion. In
reality, congestion onset and dissipation occur at irregular time points, and discretization

inevitably introduces temporal distortion and information loss.



To overcome this limitation, neural point process (NPP) models have recently
been introduced to traffic modeling (20). NPPs treat congestion as a continuous-time
stochastic event process and learn an intensity function that characterizes the probability
of congestion occurrence over time. This formulation naturally captures irregular
temporal patterns and allows the modeling event duration and temporal dependency
without relying on fixed time intervals. Among these approaches, the Spatial-Temporal
Graph Neural Point Process (STGNPP) is an important advancement by integrating
graph neural networks with neural point processes (2). In this way, this model allows
simultaneous modeling of temporal event dynamics and spatial interactions within traffic
networks.

Nevertheless, existing STGNPP-based and graph-based models primarily focus
on learning statistical correlations rather than explicit causal relationships. In real traffic
systems, congestion propagation exhibits strong causality and directionality (21). For
example, congestion on upstream road segments often leads to downstream congestion
after a certain time delay, while the reverse influence is usually much weaker. Such
asymmetric and time-lagged dependencies reflect underlying causal mechanisms rather
than simple correlations. Models based on undirected or static graphs are unable to fully
capture these causal structures, which limits their effectiveness in long-term prediction
and interpretability.

Recent studies in traffic speed prediction have shown that incorporating Granger
causality into graph construction can significantly improve model performance by ex-
plicitly modeling directional and temporal dependencies of speed among road segments
(11). Inspired by these findings, this thesis extends the idea of causality-aware modeling
to congestion prediction.

Specifically, this work proposes a novel spatio-temporal congestion prediction

framework that integrates neural point processes with Granger causality-based graph



learning. A spatio-temporal Granger causality graph is constructed to capture stable and
directional causal relationships among road segments. This causal graph is then incor-
porated into a neural point process framework to model the continuous-time evolution
of congestion events. By combining causal spatial modeling with event-based temporal
modeling, the proposed framework is able to capture both the dynamic propagation of
congestion and its underlying causal mechanisms.

The main contributions of this work are summarized as follows. First, a novel
causal spatio-temporal congestion prediction framework is proposed, which integrates
neural point processes with Granger causality-based graph learning. Second, the pro-
posed method explicitly models directional and time-dependent congestion propagation,
improving the interpretability of prediction. Third, this work provides a careful reim-
plementation and comparison of STGNPP-style baselines under different graph inputs.
Fourth, experiments on real-world datasets show that, although the prediction accuracy
is comparable to that of baseline models, the proposed approach provides new insights
and directions for future improvement.

The remainder of this thesis is organized as follows. Section 2 reviews related
work on traffic prediction and congestion modeling. Section 3 presents the motivation
of this study. Section 4 describes the dataset and the corresponding exploratory data
analysis. Section 5 introduces the proposed methodology and experimental setup.
Section 6 presents and analyzes the experimental results. Section 7 discusses the
challenges associated with incorporating Granger causality into congestion prediction,
as well as potential directions for improvement. Finally, Section 8 concludes the thesis

and outlines future research directions.



CHAPTER 2 LITERATURE
REVIEW

This section reviews existing studies related to traffic prediction and congestion
modeling. We first provide an overview of the evolution of traffic prediction methods for
both continuous traffic state prediction and congestion event prediction. We then review
representative spatio-temporal modeling approaches, including Spatio-Temporal Graph
Convolutional Networks (STGCN) (9) and Neural Point-Process-based models. Finally,
we introduce Granger causality and recent efforts to incorporate causal structures into
graph-based traffic prediction frameworks, such as STGC-GNN (11), which motivates

the proposed method in this work.

2.1 'Traffic Prediction Tasks and Modeling Perspectives

2.1.1 Traffic Prediction Tasks

Traffic prediction aims to forecast future traffic conditions using historical trans-
portation data. Depending on the prediction target, existing studies can generally be
categorized into two groups (17):

(1) prediction of continuous traffic variables, such as traffic speed, flow, and
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density, which are typically measured continuously over time. This has historically
been the primary focus of traffic prediction research.

(2) prediction of discrete traffic events, particularly traffic congestion. In early
studies, congestion was often treated similarly to continuous traffic variables by dis-
cretizing time into fixed intervals and labeling each interval as congested or uncon-
gested (19). Thus it formulates a binary or multi-class classification problem. While
straightforward, this approach introduces a critical limitation: artificial time discretiza-
tion can obscure the true timing of congestion events, and the inherently event-driven
nature of congestion is not faithfully represented. It could potentially distort temporal
dependencies and causal relationships.

All in all, these two categories correspond to fundamentally different modeling

objectives and have led to distinct lines of methodological development in the literature.

2.1.2 Modeling Paradigms for Traffic Predictions

Over time, traffic prediction methods have evolved from traditional statistical
models to advanced neural network architectures (4; 1). Early approaches, such as
autoregressive integrated moving average (ARIMA), capture temporal dependencies
under linear and stationary assumptions. Classical machine learning models, includ-
ing regression-based methods and support vector machines, extend this capability by
modeling nonlinear relationships, but they rely heavily on handcrafted features (8).
More recently, deep learning models, such as recurrent neural networks (RNNs), long
short-term memory networks (LSTMs), temporal convolutional networks (TCNs), and
attention-based architectures, have demonstrated strong performance in capturing com-

plex and long-range temporal patterns (5; 14; 1).
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2.1.3 Temporal and Spatial Dependencies in Traffic Prediction

No matter how prediction models evolve, whether they are designed for con-
tinuous traffic variables or discrete congestion events, two fundamental issues remain
unchanged: the modeling of temporal dependency and the modeling of spatial depen-
dency. Essentially, all traffic prediction models aim to improve the representation of
these two aspects, as they jointly determine the dynamics of traffic systems.

From the temporal perspective, the key challenge lies in capturing both short-
term dynamics and long-range dependencies in traffic evolution. Traffic patterns exhibit
strong periodicity, such as daily and weekly cycles, as well as irregular fluctuations
caused by external factors like weather and incidents. As illustrated in Fig. 2.1, the
traffic states of road segments evolve over time and influence one another. From time
step tg to tg + t1 + 15 + t3, for example, road segment 5 is influenced not only by its own
historical states but also by the states of other road segments. Traditional time-series
models typically assume linear and stationary processes, which limits their ability
to capture complex traffic dynamics. Classical machine learning models can model
nonlinear relationships to some extent but still rely heavily on handcrafted features and
fixed time windows. In contrast, deep learning models have shown strong capability in

capturing long-range temporal dependencies and nonlinear temporal patterns (4; 14; 1).
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Figure 2.1: Illustration of temporal dependencies in traffic networks.

From the spatial perspective, spatial dependency modeling aims to describe
how traffic conditions propagate across different locations in a road network. Unlike
grid-structured data such as images, road networks exhibit irregular and heterogeneous
topologies, where nodes and edges represent road segments and their connectivity. As
shown in Fig. 2.2, the color of each node represents the congestion level of a road
segment. At time step 7o, road segment 1 exhibits the highest level of congestion, while
its directly connected neighboring segments (segments 2—5) show moderate congestion
levels. At the next time step ¢;, congestion propagates from segment 1 to its neighboring
segments, causing segments 2—5 to become highly congested. Meanwhile, second-hop
segments, specifically segments 6 and 7 experience moderate congestion. This example
illustrates how congestion propagates across the network in a spatially dependent man-
ner. Traffic states on one road segment can influence others through various factors,

and such influence is often directional and time-dependent.



2.2. Spatio-Temporal Graph-Based Traffic Prediction Models 10

0 o 42 g

| -

Figure 2.2: Illustration of spatial congestion propagation in a road network. Node
colors represent congestion levels of road segments.

Early spatial modeling approaches typically relied on distance-based correlations
or manually defined adjacency matrices, which fail to capture complex interactions
in real traffic systems. In contrast, graph-based models, particularly graph neural
networks (GNNs), have become the dominant paradigm for spatial modeling in traffic
prediction (9; 1). These models represent road networks as graphs and learn spatial
dependencies through graph convolutions or message-passing mechanisms, thereby

effectively capturing both local and global spatial interactions.

2.2 Spatio-Temporal Graph-Based Traffic Prediction Mod-

els

2.2.1 Spatio-Temporal Graph Convolutional Networks (STGCN)

A landmark contribution in the domain of continuous traffic feature prediction
is the Spatio-Temporal Graph Convolutional Network (STGCN) by Yu et al. (9), which
was the first to employ purely convolutional architectures to capture spatio-temporal

dependencies from graph-structured time series in traffic studies. STGCN represented
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a significant advancement in traffic prediction by addressing the fundamental challenge
of modeling spatial and temporal correlations simultaneously.

As described in (9):

Vitls oo s Vi+H = arg max lOgP(Vt+1,-~-,Vt+H vl‘—M+19"'avl)
Vitlseeos Vi+H

Here, v; denotes the traffic state at time step ¢ (e.g., velocity/speed on the
road-network graph), and V,41,...,V;4y are the model’s predictions over H steps.
Given the past M observations v;_js+1, . . ., v, the right-hand side selects future values
Vitls - - - » Ve+g that maximize the conditional log-probability, i.e., a maximum-likelihood
prediction under the model.

the model aims to predict future traffic states that maximize their conditional
probability given past observations. The architecture consists of two ST-Conv blocks
and a fully connected output layer. Each ST-Conv block contains three sequential
components: a Temporal Gated Convolution, a Spatial Graph Convolution, and another
Temporal Gated Convolution. This design allows the model to first extract short-term
temporal patterns, then encode spatial dependencies across the network, and finally
refine temporal dynamics. By fusing the outputs of these ST-Conv blocks, STGCN
effectively approximates the conditional probability distribution of future traffic states.

However, STGCN is mainly focused on predicting continuous traffic values like
speed or flow. This limitation makes it less flexible for complex traffic phenomena
such as congestion propagation between traffic clusters because it struggles with sparse,
irregularly distributed congestion events (28). The next subsection therefore introduces
STGNPP, which can handle the sparse, irregular nature of event data and still capture

the complex spatial and temporal dependencies inherent in traffic networks.
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2.2.2 Spatio-Temporal Graph Neural Point Process

Unlike STGCN, which focuses on predicting continuous traffic values, STGNPP
is designed to model sparse and irregularly distributed traffic congestion events (2). It
models congestion as a continuous-time stochastic process via the conditional intensity

function
P(one event occurs in [z, + At) | H;)
At ’

A1) = i,

which represents the instantaneous probability of a congestion event occurring at time
t given the historical traffic state H;.

STGNPP consists of three main modules (2). First, a spatio-temporal graph
learning module learns latent representations that encode both spatial and temporal
structure: transformer layers with causal attention capture temporal dependencies per
road, and GCN layers with mix-hop aggregation capture multi-hop spatial interactions
across the network. Second, a congestion event learning module handles event se-
quences via a hybrid design that combines continuous state evolution between events
(neural flow) with discrete updates when events occur (GRU cells). Third, an intensity
function network models the conditional intensity of congestion in continuous time and
supports event duration prediction. Despite its effectiveness, STGNPP relies on pre-
defined adjacency graph structures and does not explicitly model causal relationships
between road segments, which may limit its ability to capture realistic traffic propagation
patterns.

Figure 2.3 summarizes the overall architecture and major components of STGNPP.
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Figure 2.3: Overview of the Spatio-Temporal Graph Neural Point Process (STGNPP)
architecture.

While STGNPP is highly effective for sparse, non-uniform events where STGCN
struggles, the model is more complex and less interpretable. It operates like a black-
box system that provides limited insight into why events occur or how they causally
propagate through networks. This lack of interpretability is a significant limitation for
practical applications where understanding the underlying mechanisms of congestion

formation is crucial for developing effective intervention strategies.

2.3 Granger Causality and Causal Discovery

Parallel to these developments, Granger causality has become a widely used
statistical framework for uncovering directional causal relationships in time series data
(6). The key idea is that past values of one variable may contain predictive information

about another variable beyond what is captured by its own history. In its classical
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formulation, Granger causality is typically implemented through vector autoregressive
(VAR) models, where nested model comparisons are used to assess whether including

lagged values of a candidate predictor significantly improves forecasting performance.

Time

1 5 10 15 20 2 30
Time

Figure 2.4: Illustration of time-lagged influence between two objects. Changes in
object X propagate over time and affect the state of object Y with a temporal delay.

Over the past decades, the framework has undergone substantial methodolog-
ical expansion. Recent research has extended Granger causality to high-dimensional
systems, network-structured dependencies, nonlinear dynamics, and discrete-valued
processes. Comprehensive reviews of these developments show both the versatility
of the framework and its practical limitations, such as assumptions of linearity and
stationarity (22). These extensions have significantly broadened the applicability of
Granger-based methods across disciplines, including economics, neuroscience, climate
science, and transportation systems.

In the context of traffic studies, this allows researchers to identify how events
in one location propagate through space and time to influence conditions elsewhere.
Typically, the method involves comparing models that include or exclude potential

predictor variables to evaluate whether adding lagged information improves predictive
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accuracy, which indicates a directional influence. To be more specific, this kind of
Granger causality can be extended to spatio-temporal settings and combined with traffic

speed prediction models (11).

2.3.1 GNN-based Traffic Prediction Framework with a Spatial-

Temporal Granger Causality Graph

STGCN performs well in predicting traffic volume and speed (9), yet it does not
capture the global and dynamic spatial dependencies in road networks necessary for
long-term forecasting. A major challenge is detecting causal structures that evolve over
time (11).

To address this, He et al. (2023) propose STGC-GNN, a Spatio-Temporal
Granger Causality Graph Neural Network framework that integrates spatio-temporal
graph learning with Granger-causality-based graph construction (11) (see Fig. 2.5).
Specifically, the model first constructs a Spatio-Temporal Granger Causality (STGC)
graph, where directed edges represent statistically significant causal influences between
nodes, determined via time-series Granger tests.

This data-driven causal graph replaces traditional distance-based or adaptive
adjacency matrices in GNNs, which allows the model to encode causal dependencies
instead of fixed spatial proximity. Experiments on the METR-LA dataset demonstrate
that the STGC graph captures more interpretable long-term dependencies, which is
particularly effective for long-horizon forecasting and maintains short-term accuracy

comparable to distance-based graphs (11).
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Figure 2.5: Overview of the STGC-GNN framework.

Despite these advances, existing STGC-based approaches have primarily been
applied to traffic speed prediction and remain relatively underexplored in broader traffic
information modeling, particularly in traffic congestion analysis. Congestion propaga-
tion exhibits complex dynamics. In particular, traffic flow theory suggests the presence
of nonlinear threshold effects, where small perturbations do not trigger congestion un-
less a critical threshold is reached. Moreover, congestion formation involves regime
shifts between different traffic states, such as transitions from free flow to synchronized
flow, often driven by stochastic, nucleation-like mechanisms(15). These characteristics
indicate that congestion dynamics are inherently non-smooth and event-driven, thereby

requiring more targeted causal modeling strategies.
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CHAPTER 3 MOTIVATION

The above review suggests that existing traffic prediction studies have made
progress in modeling spatio-temporal dependencies, especially through graph neural
networks and neural point processes. In particular, STGNPP is well suited for con-
gestion event prediction because it models congestion as an event-driven process in
continuous time rather than as a fixed-interval classification problem. At the same time,
recent Granger-causality-based studies have shown that directional and time-lagged
dependencies can provide useful information beyond static or distance-based graph
structures.

Recent studies have begun exploring the integration of causal analysis with
spatio-temporal graph learning. For example, the STGC-GNN model combines STGCN
with Granger causality analysis to capture causal relationships in traffic dynamics. This
achieved improved prediction accuracy compared with using STGCN alone (11). These
studies suggest that incorporating causal discovery into spatio-temporal graph models
may provide both improved predictive performance and greater interpretability.

Motivated by these insights, this study develops a unified framework for conges-
tion prediction that jointly learns spatio-temporal representations and causal structures
in an end-to-end manner. Specifically, the classical Granger causality framework is in-
tegrated with the STGNPP architecture to combine causal discovery with graph-based

representation learning within a single model. Unlike existing approaches that construct
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spatio-temporal graphs based on the statistical significance of traffic speed transmission,
the proposed framework modifies the graph construction process to detect the statistical
significance of congestion propagation. In this framework, directed edges in the causal
graph are established according to whether historical congestion states at one node

significantly improve the prediction of congestion states at another node.
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CHAPTER 4 DATASET

4.1 Data Description

Our study is based on comprehensive traffic data from Xuancheng, a prefecture-
level city in Anhui Province, China, collected through automatic vehicle identification
(AVI]) systems (3). Xuancheng has a permanent resident population of 2.50 million (29).
These AVI systems have relatively high coverage across the road network, particularly at
road intersections, where they record vehicle information and timestamps. The dataset
covers the entire road network of Xuancheng, consisting of 1,156 road segments, during
September 2020, with traffic flow aggregated at five-minute intervals.

The dataset contains two major components: a graph-structure layer and a tem-
poral data layer, with a total of 5,022,132 rows in the raw form. It is constructed
from resampled and simulated data derived from real traffic patterns reconstructed from
single-vehicle trajectories. This design ensures privacy while maintaining the infor-
mation necessary for traffic analysis. Because the dataset is generated from processed
trajectory-based records rather than directly from raw sensor observations, it contains
no missing values.

Only 776 out of the 1,156 road segments contain valid traffic sensor data; the
remaining segments were excluded from analysis. For model training, we apply two

preprocessing steps. First, road segments with multiple records at the same timestamp
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(due to different turning directions at the same endpoint) are aggregated by taking
the mean value across all directions, since it is difficult to attribute each direction to
a specific downstream segment. This results in approximately 1.58 million rows of
temporal observations. Second, for computational efficiency, we select a connected
subgraph of 200 road segments from the 776 available roads using a Breadth-First
Search (BFS) strategy. The full 30-day dataset is used for training and evaluation on
this subnetwork.

There is no single open, universal operational definition of a binary congestion
state across studies, and the Xuancheng release does not have an official congestion
label in the materials we used (3). We therefore adopt the following definition. A
road segment is considered congested in a given 5-minute time slot when its average
speed falls below 40% of the free-flow speed for that segment, where free-flow speed is
defined as the 95th percentile of observed speeds over the dataset. A congestion event is
a period of at least 2 consecutive 5-minute slots (10 minutes) during which the segment
remains congested; shorter periods are discarded. Under this definition, a small share
of events last over 300 minutes (0.41% among 200 road segments, 0.69% among 720).
Because approximately 94% of events last only 5-15 minutes, these long events may
distort predictions. We cap all durations at 300 minutes to limit their impact.

The dataset does not distinguish recurrent congestion (predictable, capacity-
binding patterns tied to stable demand) from non-recurrent congestion (shocks such as
incidents or adverse weather). We therefore do not assign events to these categories in
supervision. In modeling, the STGNPP backbone we adopt still modulates the event
intensity with calendar context (notably time of day and day of week (2)), which allows
the model to learn differences in event rates across peak versus off-peak periods. But
should not be read as explicit identification of recurrent versus non-recurrent mecha-

nisms without the missing auxiliary data.
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Overall, these two layers together provide the spatio-temporal input for the
prediction model: the graph-structure layer captures topological relationships between
road segments (connectivity, lane configurations, physical distances); the temporal data
layer contains detailed traffic measurements (vehicle counts, speed distributions, turning
behaviors) that support the analysis of traffic dynamics.

A more detailed description of the dataset variables is provided in Appendix A.1.

4.2 Exploratory Data Analysis

In this section, we conduct exploratory data analysis to obtain a preliminary un-

derstanding of the dataset. Figure 4.1 displays the road network structure of Xuancheng.
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Figure 4.1: Road network structure of Xuancheng.

Next, we present descriptive statistics for several traffic-related variables. Fig-
ures 4.2 and 4.3 show the distribution of average traffic flow by hour and by day of

the week, which highlights clear morning and evening peaks as well as the higher
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traffic volumes observed on Thursdays. To our knowledge, there is little peer-reviewed
evidence showing day-of-week traffic periodicity specifically for Xuancheng or Anhui
province road networks. In our sample, the Thursday-versus-other-weekday differences
are small in magnitude, based on one month of aggregated indicators and a resampled
time grid. So we treat any weekday ranking as descriptive and potentially sensitive to
sampling noise rather than evidence of distinct geo-cultural mechanism analogous to
Thursday peaks in settings where Thursday marks the end of the work week. Figures 4.4
and 4.5 report the corresponding average speeds, which drop during peak periods and
remain lowest on Thursdays, mirroring the flow patterns. Finally, Figures 4.6 and 4.7
examine congestion duration / traffic flow versus relative speed. We adopt relative
speed (speed normalized by each road segment’s free-flow speed) because road seg-
ments have different speed limits; using relative speed helps reduce the confounding
effect of heterogeneous speed thresholds across roads and makes comparisons across
segments more meaningful.

For Figure 4.6, the relationship between congestion duration and relative speed
is not visually strong: relative speed values appear fairly evenly spread across different
congestion durations. One mild pattern is that very short congestion events (around
5-10 minutes) tend to exhibit relatively higher relative speed. For Figure 4.7, relative
speed is roughly symmetric with respect to traffic flow and concentrates toward a mid-
range band; the higher-flow observations tend to occur around the median relative-speed
region rather than at extreme low or high relative speeds. Overall, these observations
are somewhat different from the intuitive expectation that longer congestion events
would coincide with lower relative speeds and that higher traffic flow would generally

correspond to lower speed.
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CHAPTER 5§ METHODOLOGY

5.1 Overview

As discussed in the literature review, STGNPP is an effective model for predict-
ing traffic congestion events using neural point processes (2), while Granger causality
provides a statistical framework for identifying directional relationships between time
series (6).

Building upon these two approaches, this study proposes the STGC-GNPP model
(Spatio-Temporal Granger Causality Graph Neural Point Process), which integrates
causal discovery with neural point process-based congestion prediction. Using the
Xuancheng traffic dataset (3), the proposed framework incorporates a spatio-temporal
Granger causality graph into the STGNPP architecture to capture congestion propagation
patterns across the road network.

This section first introduces the overall framework of the STGC-GNPP model.
We then describe the proposed causal graph construction method based on congestion
propagation, followed by the experimental setup and evaluation metrics used to assess

each model’s performance.
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5.2 Main approach

5.2.1 STGC-GNPP Framework

Our project adapts STGNPP (Section 2.2.2) and augments it with a causality
graph. The introduction of stgc graph complements the traditional static spatial de-
pendence with better causality relationship. We first re-create the original STGNPP
pipeline following (2) so that subsequent comparisons isolate the impact of the causal
prior rather than architectural drift. The reproduction covers the Spatio-Temporal Graph
Learning Module, Congestion Event Learning Module, and Intensity Function Network.

To inject interpretability, we borrow the idea of spatio-temporal Granger causal-
ity from STGC-GNN (11) and use it as the STGC matrix, a full replacement for the

adaptive adjacency.
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Figure 5.1: Overall framework of STGC-GNPP. Phase 1: Granger causal discovery to
produce the STGC matrix. Phase 2: the STGC matrix augments the spatial graph used
in STGNPP, which consists of the Spatio-Temporal Graph Learning, Congestion Event
Learning, and Intensity Function Modules.

From a high-level perspective, a traffic network can be represented by two
key components: the temporal evolution of traffic states and the spatial structure of
the road network. Accordingly, the STGNPP framework models temporal and spatial
dependencies separately (2). Temporal dependencies are captured through transformer
layers with causal attention (modeling the evolution of traffic states over time) and the
event modeling mechanism of the neural point process (learning the temporal patterns
of congestion events). Spatial dependencies are modeled through the graph-based
representation of the road network, where information is propagated between connected
road segments via graph convolutional networks. The three modules of STGNPP are
outlined in Section 2.2.2 (2)

Based on these spatio-temporal interactions, the framework further estimates
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the Granger causality relationships between road segments and constructs a causal
adjacency matrix. This causality matrix is then integrated into the model, which
augments the spatial graph used for information propagation, so that the model can
incorporate causal propagation patterns when predicting the occurrence and duration of

congestion events. Figure 5.1 summarizes the overall pipeline of the proposed model.

5.2.2 Spatio-Temporal Granger Causality

To capture directional dependencies in traffic networks, this study adopts the
spatio-temporal Granger causality (STGC) framework proposed in STGC-GNN (11).
The framework is based on the transmitting causal relationship (TCR) assumption,
which states that traffic information propagates from upstream road segments to down-
stream segments with an approximately stable velocity. Under this assumption, long-
term traffic observations can be used to identify causal transmission patterns across the
road network.

In practice, the STGC construction procedure consists of two main steps (11).
First, a spatio-temporal alignment process is applied to estimate the transmission time
between a potential cause node and a target node. This step identifies the temporal lag
corresponding to the propagation of global dynamic traffic information (GDTI) from
the upstream segment to the downstream segment. The time series of the two road
segments are then aligned according to this estimated lag.

Second, a Granger causality test is applied to determine whether the upstream
traffic information significantly improves the prediction of the downstream node (6;
11). For each pair of road segments, two autoregressive models are constructed: one
that predicts the target node using only its historical observations, and another that

additionally incorporates the lagged observations from the potential cause node. If
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Figure 5.2: Schematic of spatio-temporal Granger causality testing with nodes A, B,
and C. Causal links A—B and B—C are evaluated under the TCR assumption.

the inclusion of the upstream information significantly reduces the prediction error, the
upstream segment is considered to Granger-cause the downstream segment.

Figure 5.2 and Figure 5.3 illustrate this approach with nodes A, B, and C,
focusing on the causal links A—B and B—C. As shown in Figure 5.3, for the A—B
case, A is the cause and B is the effect. To test whether A helps predict B, we use
two input windows: A’s history spans lags from 7 + p down to p, where 7 is the
spatial-temporal lag and p is the number of past time steps; B’s history uses its own
past p time steps without an extra lag. An F-test is then applied to test whether the
coefficients on A’s lagged observations are jointly zero. Rejecting this null hypothesis

indicates that A Granger-causes B.



5.2. Main approach 29

Figure 5.3: Input windows for testing A— B causality. Cause node A uses lags 7+ p to
p (1 = propagation delay); effect node B uses its own past p steps. An F-test compares
restricted and unrestricted models.

By performing this test for all pairs of road segments, the detected causal re-
lationships can be assembled into a directed spatio-temporal Granger causality graph
(STGC graph), which represents the propagation structure of traffic information trans-
mission across the network (11).

Figure 5.4 illustrates the overall pipeline used to construct the STGC graph. We
adopt a rejection threshold of p < 0.01 for the Granger tests, following the STGC-
GNN setting in (11). We also recognize that this is a discovery process rather than a
falsification process ; so a looser threshold (e.g., p < 0.05) could be explored in future

work.
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Figure 5.4: Pipeline for constructing the Spatio-Temporal Granger Causality (STGC)
graph.

After the causal graph is obtained, it can be incorporated into the neural point
process framework to guide information propagation during model training. As a com-
parison to the original STGNPP architecture in Figure 2.3, where the spatial dependency
is consists of the binary matrix and an adaptive learning matrix, we replace the adaptive
adjacency with the STGC graph while keeping the binary connection matrix. Figure 5.5

highlights this modification (shown in pink) (2; 11).
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Figure 5.5: Integration of the STGC graph into the STGNPP framework.
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5.2.3 Logistic spatial-temporal Granger causality

While the original STGC graph captures traffic interactions by treating speed
as a proxy for traffic state and applying a vector autoregressive (VAR) framework to
test Granger causal relationships, this setup may not fully match the goal of congestion
prediction. Speed and congestion are closely related, but speed is only an indirect
indicator. Congestion is better characterized by traffic density and flow breakdown than
by speed alone (23). The same speed can mean congestion on one road and free flow on
another, so speed lacks contextual meaning when taken in isolation. As a continuous
variable, speed is also not well suited to represent the threshold-triggered and event-
driven nature of congestion, where a transition to congested flow occurs when certain
conditions are exceeded.

To better align the causal discovery process with the prediction target, we propose
to directly model causal relationships based on congestion states rather than speed.
Specifically, we adopt a logistic Granger causality test, which is designed to capture
causal dependencies between binary congestion variables.

The key idea of logistic Granger causality is to test, for each ordered pair of road
segments (A, B), whether the historical congestion status of road A provides statistically
significant predictive information about the congestion status of road B, beyond what
is contained in road B’s own history. Let y4, € {0, 1} denote the congestion status of
road A at time ¢, where 1 indicates congestion and 0 otherwise. The test compares two
logistic regression models. The restricted model uses only the autoregression of the

target road B:

p
P(yps=1) =0 (c + Z ak}’B,z—k) , (5.1)
k=1

where o (-) denotes the logistic sigmoid function, c is the intercept, and p represents

the number of time lags. The unrestricted model adds the lagged congestion states of
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the candidate cause road A (with spatial delay 7 for propagation from A to B):

p p
P(ygi=1) =0 |c+ Y auypii+ ) Bevairi|- (5.2)
k=1 k=1
Following (24), we test the null hypothesis 8; = - - - = 8, = 0 using a likelihood

ratio test. If the test rejects the null, we conclude that road A Granger-causes road B.
Based on these tests, we construct a spatio-temporal Granger causality graph,

where nodes represent road segments and directed edges indicate statistically signif-

icant congestion propagation relationships. This graph is then used as the structural

foundation for modeling congestion propagation in our prediction framework.

5.3 Experimental Setup

Using the preprocessed Xuancheng dataset described in Section 4, we conducted
experiments by reproducing the STGNPP model proposed by (2), which integrates the
Spatio-Temporal Graph Learning Module, the Congestion Event Learning Module, and
the Intensity Function Network.

For model training, we set the batch size to 16 and the number of epochs to 10.
The parameter @ was set to 300 (see justification below). The dataset was divided into
training, validation, and test sets with a ratio of 60% /20% /20%. Following the setting
in (2), the input time window was fixed at six hours to predict the congestion state at the
next time step. The learning rate was set to 0.001, consistent with the original paper;
the stride of the time window was set to one hour.

To evaluate the effectiveness of different spatial dependency structures, we

constructed several types of graphs as inputs to the model (2; 11):

* Identity Graph. Each node is only connected to itself. This graph removes all
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spatial dependencies and serves as a lower-bound baseline.

» Spatial Distance (SD) Graph. Edges are constructed based on geographical
proximity between road segments. This graph captures spatial relationships

purely from the road network topology.

* Random Graph. To verify that the edge connectivity in the STGC graph is mean-
ingful rather than arbitrary, we generated 10 random graphs for each prediction
horizon. These graphs match the STGC graph in structure but not in connectivity:
(1) the sparsity is consistent with the STGC graph; (2) each node has the same
number of neighbors as in the STGC graph; (3) neighbor node IDs are randomly
assigned. Comparing the Random graph with the STGC graph isolates whether
performance gains arise from the causal information encoded in the edges. The

final performance is reported as the average across the 10 random graphs.

* STGC-A (Speed-based STGC Graph). This graph follows the original STGC
construction method, where traffic speed is used to estimate Granger causal

relationships between roads (11).

* STGC-B (Congestion-based STGC Graph). This graph represents the key
methodological innovation of our work. Instead of using traffic speed, we con-
struct the STGC graph using congestion states and the proposed logistic Granger

causality test.

5.4 Training Objective and Evaluation Metrics

To evaluate the effectiveness of the proposed model, we adopt both training

losses and prediction performance metrics.
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Training and Validation Loss Functions During the training phase, the model is
optimized using two loss components: the Neural Point Process (NPP) loss and the
duration loss. Both the NPP loss and the duration loss follow the original STGNPP

formulation; only the weighting coefficient « is adjusted in our experiments.

* Neural Point Process Loss (Lppp).

The NPP loss measures how well the model captures the temporal intensity of
congestion events. The model parameterizes intensity as a function of inter-event
time 7 (the time passed since the previous event). For each event i with observed

inter-event time 7;, the loss is defined as

N
Lupp = ), (=log A(xi | h) + A(%i | 1)), (5.3)
i=1

where A(7 | h;) denotes the instantaneous intensity at 7 given the hidden state
h;, and A(7; | h;) = OTi A(s | h;) ds is the cumulative intensity. The first term
encourages high intensity at the observed 7;; the second term penalizes excessive
intensity over [0, 7;]. On the other hand, directly minimizing MAE, in minutes
would treat inter-event prediction as a plain regression target and generally would

not impose the probabilistic constraints implied by an intensity-based event model.

e Duration Loss (Lduration)-

The duration loss measures the prediction error of congestion duration. We adopt

the log-smooth loss used in the STGNPP framework:

1 < A
Lauration = N Z log (1 + |d, - dl|) > 5.4
i=1

where d; denotes the true congestion duration and d; represents the predicted
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duration. The log-smooth loss is a smoother version of absolute error and tends
to be more stable to optimize under highly imbalanced duration distributions than

plain MAE,.

The overall training objective combines the two losses:

Liotal = anp + @ + Lguration- (5.5)

The parameter a controls the balance between the two objectives. The original
STGNPP framework uses @ = 1; in our experiments, we set @ = 300 empirically. This
choice is motivated by the scale difference that emerges after adopting the log-smooth
loss for duration: the duration loss magnitude becomes very small (typically two orders
of magnitude smaller than the NPP loss). To balance the duration and NPP loss terms
during training and prevent the duration prediction task from being underweighted, we

increase « to 300.

Evaluation Metrics During the evaluation phase, we use Mean Absolute Error (MAE)
to measure the prediction accuracy of congestion duration and inter-event time. Com-
pared with the training losses, MAE provides a more direct and interpretable measure

of prediction error in terms of minutes.

¢ Duration Prediction Error (MAE,).

N
1 ~
MAE, = — ;: \d; - dj| (5.6)

This metric measures the average absolute difference between the predicted con-

gestion duration d; and the ground-truth duration d;.

¢ Inter-Event Time Prediction Error (MAE),).
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N
1
MAE, = NZ % — 7l (5.7)
i=1

where 7; and 7; denote the true and predicted inter-event times (minutes until the

next congestion event), respectively.

Causal Evaluation Although our framework introduces a causal discovery compo-
nent through the proposed logistic Granger causality graph, it is difficult to quantitatively
evaluate causal relationships using standardized metrics such as causal alignment score
or causal coverage in real-world traffic datasets. Therefore, instead of evaluating causal
structures directly, we assess their effectiveness indirectly through improvements in

downstream prediction performance.

Handling Duration Imbalance As noted in Section 3, more than 94% of congestion
events last only 5-15 minutes; long-duration events are rare. This strong imbalance
causes the model to favor predicting values close to the median duration in order to
minimize the overall loss, which is unfavorable for long-duration prediction.

To mitigate this issue, we introduce two adjustments to the loss function. First,
we add a variance penalty (variance_factor = 20) that encourages the model to produce
a wider range of predicted durations, thus preventing collapse to the median. Second,
we apply a long-duration penalty weight: events with true duration > 30 minutes
are assigned a weight of 3.0 in the duration loss. This weighting increases the penalty
for underestimating long durations and helps the model better capture rare long events.

This follows a widely used reweighting principle, as in (30).
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CHAPTER 6 RESULTS

Given the experimental setting and evaluation metrics described above, we con-
ducted experiments to evaluate the prediction performance under different historical
time window sizes (2h, 4h, 6h, and 8h) and different graph structures (binary with
adaptive learning, identity, SD, random, STGC-A, and STGC-B). The results are sum-
marized in Table 6.1. The STGNPP denotes the original STGNPP backbone model,
while the other variants correspond to different graph inputs.

As shown in Table 6.1, the STGNPP, SD, and Random graphs exhibit rela-
tively similar performance across different history window settings, with no substantial
differences observed. In contrast, the Identity graph consistently performs the worst,
which suggests that ignoring spatial relationships significantly degrades prediction per-
formance.

The speed-based STGC graph (STGC-A) outperforms both the Identity and
Random graphs across nearly all time horizons. Outperforming the Identity graph
demonstrates the importance of spatial structure, since Identity uses no spatial informa-
tion. Outperforming the Random graph indicates that the causal connectivity encoded
in STGC-A is meaningful; the performance gain does not arise merely from arbitrary
graph connections or a certain level of sparsity. In particular, STGC-A achieves the
best Val Loss and MAE_t at 6 h, the best MAE_t at 2 h, and competitive results else-

where. Nevertheless, STGC-A does not consistently outperform STGNPP or SD; the
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three achieve similar overall performance, which might suggests comparable strength
in congestion prediction for this dataset.

Lastly, STGC-B, the graph constructed based on congestion, does not outperform
the other graph structures. Its performance remains relatively stable across history
window settings. It consistently outperforms the Identity graph. This supports the
importance of spatial structure, but is roughly on par with the Random graph, which
may suggest that its connections are not substantially more informative than random
connectivity in this setting.

Taken together, these results are consistent with a practical limitation of pairwise
logistic Granger tests on sparse binary congestion sequences: when congestion is rare
and many segments co-activate during peaks, the inferred edges can be noisy and
weakly informative for STGNPP-style training. Therefore, for this dataset and modeling
pipeline, using logistic Granger causality on raw congestion events may be a less reliable
graph construction strategy than speed-based STGC or topology-based baselines.

Figures 6.1, 6.2, and 6.3 below illustrate the performance of different graph
structures in terms of Val Loss, MAE_t, and MAE_d under different historical time
window lengths. In each figure, the left subfigure shows all six graph structures; the
right subfigure focuses on STGNPP, SD, STGC-A, and STGC-B for better comparison

among the main baselines and the proposed causal graph.

6.1 Trials’ Details

Figures 6.4-6.6 summarize the training results obtained during the training
phase. Figure 6.4 presents the validation losses for all models across 10 epochs. The
validation loss corresponds to the loss computed during the model validation phase.

As shown in the figure, the validation losses of all six models follow a similar trend:
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Figure 6.1: Validation loss comparison under different graph settings.
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Figure 6.3: MAE _d comparison under different graph settings.

they all start from approximately 80 and decrease at a comparable rate during training,

eventually converging to very similar values. The only exception is the Identity graph.

For complete per-epoch numeric results (training/validation losses and MAE
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values for each graph setting), see Appendix A.2.

Among the six graph structures, Identity is the only graph that does not incor-
porate spatial information. As a result, it exhibits a noticeably higher validation loss
and a slower convergence rate compared with the other graph-based models.

As described in Section 5.4, the total 10ss Liotal = Lypp + @ Lduration combines
NPP and duration components.

For the duration loss, a pattern similar to the overall validation loss can be
observed. The Identity graph still decreases more slowly and remains noticeably higher
than the losses of the other graph structures.

In contrast, the NPP loss shows relatively larger fluctuations across different
graphs. Interestingly, the Identity graph performs comparatively better under this loss
component than under the others. Across both individual loss components as well as the
overall validation loss, the performances of STGC-A and STGC-B remain consistently
around the average level. This suggests that incorporating causal information through
STGC does not significantly degrade the model’s ability to predict congestion events.

Figures 6.7, 6.8, and 6.9 visualize the predicted versus true congestion durations
for STGNPP, STGC-A, and STGC-B under the 6-hour time window, comparing how
tightly each model fits the ground truth. All configurations perform reasonably well
for short events but struggle when the true duration becomes large. This behavior is
consistent with the strong duration imbalance in our dataset (Section 3): most events last
5-15 minutes, so the models minimize loss primarily on the abundant short-duration
cases. Following the adjustment described in Section 4.3 (additional penalties for
duration variance), prediction improved by approximately 8%. Overall, the three models
achieve similar duration and NPP loss under the 6-hour setting; visually, STGC-A tends

to predict slightly higher values than STGNPP.
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Figure 6.7: Predicted vs. true congestion duration (STGNPP).
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Figure 6.8: Predicted vs. true congestion
duration (STGC-A).
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Figure 6.9: Predicted vs. true congestion
duration (STGC-B).

6.2 Visualization of STGC Graph

6.2.1 Causality Interpretability

To further investigate the causal relationships between nodes, we examine

whether the performance of STGC-A under the 6-hour historical window is truly at-
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tributable to meaningful causal information captured by the graph, rather than random-
ness in the graph structure. In particular, we analyze whether the causal graph provides
informative relationships that cannot be captured by other graph constructions, such as
the spatial distance (SD) graph, random graph, or adaptive adjacency matrices. This
analysis is conducted from two perspectives.

First, we analyze the causal directions encoded in the STGC matrix and the
binary connection matrix to verify whether the directions captured by Granger causality
are consistent with the physical connectivity of the road network. Since the binary
matrix encodes directed one-hop neighboring relationships, we extract only the one-
hop connections from the STGC matrix for a fair comparison. Figure 6.10 compares
the directionality of these one-hop connections. The results show that 88.5% of the
causal directions are consistent with those in the binary matrix. When directions
disagree, this may reflect either (a) Granger causality inferring spurious or incorrect
relationships, or (b) the traffic spillover effect: congestion can propagate through indirect
paths rather than along direct physical links. For example, queue spillback causes
downstream congestion to affect upstream segments, so Granger may infer a causal
direction opposite to the physical road direction. The high consistency we observe
helps explain why combining the STGC graph with the binary matrix can maintain
prediction performance comparable to STGNPP; the STGC graph additionally provides
multi-hop causal relationships beyond the one-hop structure.

Second, we visualize the prediction results of both STGNPP and STGC-A under
the 6-hour historical window to identify the nodes where STGC-A achieves better
prediction performance.

As shown in Figure 6.11, among all evaluated nodes, 41.3% show comparable
prediction performance between the two models, 24.6% favor STGNPP, and 34% favor

STGC-A. Here, we define “comparable” as [IMAEstgc.a — MAEstgNep| < 0.5 minutes
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Figure 6.11: Prediction performance comparison under the 6-hour history window.
Yellow indicates equal prediction performance, red indicates better performance of
STGNPP, and green indicates better performance of STGC-A.

or a relative difference < 1%. The road segments where STGNPP performs better
generally have larger average MAE values, whereas those where STGC-A performs
better tend to have smaller average MAE values. This may suggests that STGC may be
more suitable for relatively simple road segments while the adaptive learning matrix in

STGNPP captures more complex road interactions.
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Table 6.1: Validation performance under different models and time history settings

Model Time Metrics
Val Loss Val NPP Loss Val Dur. Loss MAE_t MAE.d

8h 59.45 5.08 0.18 57.65 12.06

6h 57.35 5.99 0.17 51.21 11.36
STGNPP

4h 54.45 5.26 0.16 40.25 11.18

2h 53.40 4.06 0.16 24.40 10.31

8h 59.48 6.05 0.18 58.49 12.03
D 6h 59.26 7.78 0.17 53.38 11.49

4h 55.13 4.60 0.16 40.24 11.30

2h 52.57 4.23 0.16 23.49 9.81

8h 88.52 8.17 0.25 59.75 14.61

) 6h 65.15 4.86 0.20 49.01 13.00

Identity

4h 61.50 5.11 0.19 38.77 12.05

2h 58.01 4.13 0.18 24.54 11.21

8h 62.13 6.12 0.18 58.57 12.06

6h 58.17 5.91 0.17 50.16 11.73
Random

4h 55.99 5.59 0.16 39.98 10.90

2h 55.98 4.84 0.17 24.61 10.46

STGC-based Graphs

8h 62.69 8.75 0.18 62.14 12.12

6h 57.67 5.87 0.17 49.52 11.24
STGC-A

4h 54.88 5.61 0.16 38.18 10.81

2h 53.08 4.35 0.16 23.37 10.18

8h 58.86 5.13 0.18 58.29 11.83

6h 57.78 5.48 0.17 50.31 11.86
STGC-B

4h 57.29 5.60 0.17 37.05 10.90

2h 57.50 4.55 0.17 24.24 11.29

Errors often decrease when the window is shortened from 8 h toward 2 h (notably for

MAE,).
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CHAPTER 7 DISCUSSION

In this section, we analyze the performance of the proposed STGC-based graphs
and discuss several possible reasons why STGC-A and STGC-B did not outperform the
baseline models (STGNPP and SD) in the current experiments. Nevertheless, we argue
that STGC-based graphs remain meaningful and have strong potential for improvement,

particularly in terms of interpretability and structural modeling of traffic dynamics.

7.1 Shortcomings of the Proposed Models

Mismatch between STGC-A design and prediction objective. The original
application scenario of STGC-A is traffic speed prediction. In the STGC-GNN frame-
work, the objective is to model how the speeds of road segments influence the speeds of
other road segments in the future. STGC-A therefore employs a Vector Autoregression
(VAR) framework to test whether the past speed of one road segment Granger-causes
the current speed of another.

However, the prediction task in this study focuses on congestion events, specifi-
cally the duration of congestion and the time interval between congestion occurrences.
Although speed is one of the most informative variables in traffic systems, its relation-
ship with congestion events is not perfectly aligned with this prediction objective. In

practice, congestion is defined using a predefined speed threshold. As a result, varia-
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tions in speed do not always directly translate into whether the congestion threshold is
crossed. This mismatch between the variable used for causal discovery (speed) and the
prediction target (congestion events) may limit the effectiveness of STGC-A in this task.

Difficulty of causal discovery under binary congestion modeling in STGC-B.
STGC-B attempts to better align with the congestion prediction objective by converting
congestion states into binary time series. Logistic regression is then used to test whether
congestion on one road segment at previous time lags Granger-causes congestion on
another segment.

While this formulation more directly reflects the congestion prediction task, it
introduces challenges due to severe class imbalance. Congestion events occur relatively
infrequently in traffic data (12.32%), which means that most time steps correspond
to the non-congested state. Consequently, the time series are dominated by zeros,
with relatively few positive observations. Such imbalance can make causal discovery
unstable, as logistic regression models may fail to identify some true causal edges or
may incorrectly infer spurious relationships.

A closely related issue for STGC-B is temporal synchronization of congestion
across the network: during peak hours, congestion often emerges simultaneously on
many road segments. In our dataset, approximately 23.5% of congestion events occur
during morning and evening peak periods. This synchronization can induce strong co-
movements among many segments even in the absence of actual physical propagation,
which makes it difficult for pairwise Granger-style tests on binary congestion sequences
to distinguish propagation-driven dependence from shared temporal shocks.

Together, sparsity and synchronization can result in noisy estimated graphs,

which in turn limits their usefulness as spatial priors for downstream prediction models.
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7.2 General Observations and Considerations

Dataset limitations. The dataset used in this study may also affect the exper-
imental outcomes. Unlike widely used traffic datasets such as METR-LA (25) or taxi
trajectory datasets from cities such as New York (26) or Beijing (27), this study uses the
Xuancheng dataset, which is generated through simulation and resampling procedures
intended to approximate real-world traffic patterns.

Because the STGNPP model requires explicit road connectivity information, it
was not possible to directly apply the model to several commonly used datasets that lack
detailed physical road network structures. The Xuancheng dataset was therefore selected
as a feasible alternative. However, simulated datasets may introduce distribution shifts
or distort certain traffic patterns. If congestion propagation patterns are not accurately
represented, the causal structures learned by STGC may deviate from real-world traffic
dynamics. Furthermore, this dataset has not yet been widely used in other traffic
prediction studies, which makes it difficult to benchmark its performance against existing
work.

Land use and POI categories (e.g., schools, hospitals, commercial districts) are
widely recognized correlates of where and when congestion arises, but they are not
included as explicit covariates in our pipeline. The Xuancheng inputs are segment-level
traffic dynamics together with the road-network graph; any influence of nearby activity
is therefore absorbed only indirectly, to the extent that it is already encoded in correlated
speeds and flows. In this way, we cannot decompose predicted intensity or duration into
a POl-attributable share versus other components, nor report a quantitative “percent
explained” by those geographic variables. Answering that question would require
augmenting the dataset with POI or land-use features, followed by ablation analyses,

which we leave to future work.
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Strength of the STGNPP baseline model. Another possible explanation for
the limited performance differences is the strong modeling capability of the STGNPP
baseline itself. STGNPP integrates both spatial and temporal modeling mechanisms
and includes an adaptive adjacency matrix capable of learning complex interactions
between road segments.

Due to this strong representation capability, the model may be less sensitive
to the exact choice of graph structure, as long as the graph roughly captures the geo-
graphic connectivity among road segments. In such cases, improvements introduced by
alternative graph constructions may appear relatively small. This observation suggests
that further analyses, such as ablation studies, may be necessary to better isolate the

contribution of different graph components.

7.3 Why STGC Remains Important and Future Direc-
tions

Despite the limitations discussed above, the STGC framework still provides
meaningful benefits. One key advantage is interpretability. The adaptive adjacency
matrix in STGNPP is learned purely from data; while it may capture useful patterns, it
is unclear why the network learns particular edge weights, and the resulting structure
lacks a statistical or physical interpretation. In contrast, STGC derives its edges from
Granger causality tests, a mathematically and statistically grounded procedure, so each
causal link has an explicit interpretation: past values of one segment help predict another
beyond its own history. This makes the graph structure explainable rather than a black
box.

A second advantage is the ability of STGC to capture multi-hop causal relation-
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ships. Traditional spatial graphs have narrow scope: SD graphs rely only on geographic
proximity, and binary adjacency matrices typically encode only immediate (one-hop)
neighboring links. STGC can reveal causal relationships across multiple hops in the
road network, allowing the model to capture propagation patterns that extend beyond
direct physical neighbors.

Several directions may further improve the effectiveness of STGC-based models.
One potential approach is to construct different causal graphs for different traffic regimes,
such as peak and off-peak periods, which may help reduce the impact of synchronized
congestion patterns. Another direction is to address the class imbalance problem in
STGC-B through techniques such as class weighting or improved classification methods
for causal discovery. In addition, more detailed ablation studies could be conducted to
analyze how different graph structures contribute to prediction performance.

Finally, future research may explore the use of additional datasets and alternative
model architectures. For example, adapting the STGNPP framework to operate with
other widely used traffic datasets could provide stronger empirical validation. Such
investigations may help further clarify the role of causal graphs in traffic congestion
prediction and potentially unlock the full potential in prediction of STGC-based ap-

proaches.
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CHAPTER 8 CONCLUSION

In this study, we investigated the role of causal graph structures in traffic conges-
tion prediction by incorporating Spatio-Temporal Granger Causality (STGC) into the
STGNPP framework. Specifically, we constructed two variants of causal graphs, STGC-
A and STGC-B, and evaluated their effectiveness in predicting congestion duration and
the time interval between congestion events.

Experimental results show that STGC-based graphs achieve prediction perfor-
mance comparable to strong baseline models such as STGNPP and spatial distance (SD)
graphs. Although STGC-A and STGC-B do not consistently outperform these base-
lines, they are able to maintain similar levels of predictive accuracy while introducing
additional interpretability through explicitly modeled causal relationships.

Through detailed analysis, we identify several factors that may limit the perfor-
mance gains of STGC in this task. These include the mismatch between speed-based
causal discovery and congestion-based prediction objectives, the difficulty of causal
inference under highly imbalanced binary congestion data, and the presence of syn-
chronized congestion patterns during peak hours. In addition, the use of simulated
datasets and the strong representation capability of the baseline model further reduce
the observable performance differences across graph structures.

Despite these limitations, our findings highlight the value of incorporating causal

structure into traffic prediction models. Unlike purely data-driven adjacency matrices,
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STGC provides interpretable insights into how congestion propagates across the road
network. Moreover, STGC is capable of capturing long-range, multi-hop dependencies
that are difficult to model using traditional spatial graphs. This work also suggests that
congestion prediction may benefit more from short-term historical information rather
than long input windows, which provides useful guidance for future model design.

Future work may explore several directions to further improve the effectiveness
of STGC-based approaches. These include constructing regime-specific causal graphs
(e.g., peak vs. off-peak periods), addressing class imbalance in binary congestion
modeling, conducting more detailed ablation studies, and evaluating the approach on
additional real-world datasets. Furthermore, integrating causal graph learning more
tightly with prediction objectives may help unlock the full potential of causal modeling
in traffic systems.

In summary, although STGC does not significantly outperform existing graph
constructions in the current setting, this study demonstrates the feasibility and value of
incorporating causal graph structures into neural point-process-based traffic congestion
prediction. More importantly, it suggests that future traffic prediction research should
move beyond accuracy alone and place greater emphasis on interpretability and con-
gestion propagation mechanisms. In this sense, the present work provides not only
an empirical investigation, but also a meaningful step toward more explainable and

theoretically grounded intelligent transportation systems.
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APPENDIX A VARIABLE
DEFINITIONS AND
TRAINING-EPOCH LOGS

A.1 Variable Definitions

A.1.1 Graph Structure Layer Variables

Table A.1: Graph Structure Layer Variables

Variable Description Type

CID Road segment identifier Categorical
Lane Count Number of lanes in the road segment Numerical
Turn Direction Direction of vehicle movement Categorical
Downstream Reference to downstream road seg- Categorical
Road ment

Geometry Geographic coordinates Categorical
Length Physical length of the road segment Numerical

(meters)
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A.1.2 Temporal Data Layer Variables

Table A.2: Temporal Data Layer Variables

Variable Description Type

Detector ID Unique identifier for traffic sensors  Categorical

Road ID Reference to corresponding road Categorical
segment

From Time Start time of measurement interval ~ Numerical

To Time End time of measurement interval ~ Numerical

Interval Duration of measurement (minutes) Numerical

Vehicle Count Total number of vehicles passing the Numerical
sensor

Regular Vehicle Count of standard passenger vehi- Numerical

Count cles

Large Vehicle Count of trucks and buses Numerical

Count

Arithmetic Speed Mean speed of vehicles (km/h) Numerical

Harmonic Speed  Harmonic mean speed of vehicles Numerical
(km/h)

Turn Direction Direction of vehicle movement atin- Categorical

tersections

A.2 Training Metrics Tables Across Graph Variants

Below 6 tables are the 6 graphs (STGNPP baseline, STGNPP with SD, STGNPP

with identity, STGC-GNPP with speed-based matrix, STGC-GNPP with congestion-
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based matrix, STGNPP with random graph) under the 6 hour configuration in 10 epochs,

which is a elaboration correspnding to the epoch loss graphs in Results, details in trials

figures.
Epoch " tr. npp tr. dur vl val. npp val. dur maey; mae;
loss loss
1 131.88 20.16 0.36 76.05 10.72 0.21 12.32  65.51
2 74.94 9.08 0.21 72.15 8.00 0.21 13.27 57.70
3 72.75 8.58 0.21 66.96 8.01 0.19 12.33 55.17
4 68.08 8.11 0.20 63.46 7.31 0.18 11.80 52.87
5 66.32 7.78 0.19 63.14 6.79 0.18 12.11 47.92
6 65.81 7.50 0.19 61.99 6.24 0.18 11.78 48.49
7 63.79 7.10 0.19 60.20 6.57 0.18 12.15 50.63
8 62.63 6.43 0.19 59.84 7.17 0.18 12.06 51.37
9 61.87 6.09 0.18 58.78 5.83 0.18 11.98 50.45
10 60.84 5.76 0.18 57.35 5.99 0.17 11.36 51.21

Table A.3: Training and validation metrics across epochs. (STGNPP - baseline model)
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Epoch " tr. npp tr. dur vl val. npp val. dur maey; mae;
loss loss
1 170.83 2559 048 77.74 10.06 0.22  12.68 64.83
2 7890  9.19 023 7757 9.04 0.23 14.13 59.62
3 73.52  8.79 0.21  65.87 8.68 0.19 12.34  57.26
4 66.60  8.10 0.19 63.07 8.20 0.18 12.09 54.01
5 6490  8.02 0.19 6233 7.06 0.18 11.52 50.20
6 63.39  7.71 0.18 5986 794 0.17 11.83 5247
7 63.15 7.64 0.18 61.75 7.14 0.18 12.24 51.17
8 63.01  7.52 0.18 60.18  7.77 0.17 11.41 5227
9 61.80  7.30 0.18 5940 6.84 0.17 11.51 49.54
10 61.59 7.21 0.18 59.26  7.78 0.17 11.49 53.38

Table A.4: Training and validation metrics across epochs (STGNPP with spatial dis-

tance matrix)



A.2. Training Metrics Tables Across Graph Variants 57

tr. val.

Epoch tr. npp tr. dur val. npp val. dur maey; mae;
loss loss

1 118.99 45.13 023 7835 13.25 0.21 13.07 66.19

2 7328 1025 021 72.06 9.41 0.21 13.72 63.03

3 71.27 891 0.21 69.33 8.99 020  13.14 58.35

4 69.98  8.06 020 6858 744 0.20  13.49 5296

5 68.87  7.19 020 69.79 6.36 0.21 12.84 50.45

6 69.02  6.79 0.20 67.01 6.48 0.20 12.86 50.04

7 67.05 6.34 0.20  65.55 6.23 0.20  13.07 49.98

8 66.60  5.78 0.20 65.04 5.86 0.20  13.11 48.92

9 67.09  5.61 0.20 65.63 5.65 0.20  13.31 48.88

10 65.50 543 0.20 65.15 4.86 0.20  13.00 49.01

Table A.5: Training and validation metrics across epochs (STGNPP with identity

matrix)
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tr. val.
Epoch tr. npp tr. dur val. npp val. dur maey; mae;

loss loss
1 106.39 23.88 0.26 81.51 8.21 0.23 14.09 59.24
2 74.81 9.41 0.21 71.19 9.44 0.20 11.79 61.42
3 68.94 8.67 0.19 63.16 7.82 0.18 12.10 56.06
4 65.81 7.98 0.19 63.68 7.79 0.18 12.52 53.78
5 64.25 7.50 0.18 60.21 6.98 0.17 11.54 50.98
6 63.82  6.96 0.18 61.73 6.44 0.18 12.36  50.05
7 62.79 6.87 0.18 59.01 7.12 0.17 11.84 50.86
8 60.85 6.55 0.17  58.57 5.64 0.17 11.88 48.86
9 61.22  6.21 0.18 58.13 6.12 0.17 12.02 49.39
10 59.61 6.03 0.17 57.67 6.74 0.17 11.24 49.64

Table A.6: Training and validation metrics across epochs (STGC-GNPP (speed-baesd
matrix))
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tr. val.

Epoch tr. npp tr. dur val. npp val. dur maey; mae;
loss loss

1 137.84 2830 035 83.60 10.73 0.23 13.56 66.23

2 74.86  9.93 0.21 66.88 10.06 0.19 12.19 63.12

3 69.33  8.65 020 6396 8.54 0.18 11.77 57.39

4 64.35  7.75 0.19 63.02 6.67 0.18 11.63 4742

5 63.87  7.50 0.19 60.35 8.01 0.17 11.72  54.00

6 61.85 6.96 0.18 58.67  6.68 0.17 11.45 50.71

7 60.84 643 0.18 58.45 6.08 0.17 11.31 48.97

8 61.04 6.04 0.18 5837 545 0.17 11.38 48.84

9 60.27  5.76 0.18 57.07 597 0.17 11.48 50.69

10 59.05 544 0.18 57.78  5.87 0.17 11.33  49.52

Table A.7: Training and validation metrics across epochs (STGC-GNPP (congestion-

based matrix))
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tr. val.
Epoch tr. npp tr. dur val. npp val. dur maey; mae;

loss loss
1 186.55 2376 0.53 8341 8.30 0.23 12.44 62.58
2 82.43 8.86 0.24 79.19 8.30 0.23 12.25 55.87
3 77.88 8.40 0.23 67.72 8.55 0.19 12.32  55.50
4 68.29 8.08 0.20 63.62 7.52 0.18 12.30 51.58
5 67.29 7.78 0.19 67.76 10.33 0.19 11.47 58.85
6 66.70 8.40 0.19 62.29 7.91 0.18 11.45 53.27
7 65.90 7.59 0.19 61.38 7.67 0.18 12.08 51.60
8 64.86  7.34 0.19 59.40 7.42 0.17 11.56 51.32
9 62.33 6.83 0.18 61.39 6.79 0.18 12.53 50.91
10 61.97 6.34 0.18 57.94 6.11 0.17 11.86 48.53

Table A.8: Training and validation metrics across epochs (STGNPP with random
graph)

A.3 Code Availability

The code used for this thesis is available athttps://github.com/KatrinaC04/

STGC-GNPP-clean.


https://github.com/KatrinaC04/STGC-GNPP-clean
https://github.com/KatrinaC04/STGC-GNPP-clean
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