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Abstract

Short-term airport traffic forecasting faces a structural gap: temporal ensemble models
ignore route-network dependencies that shape hub operations, while deep graph neural
networks require synchronised multi-airport operational data streams unavailable to single-
airport operators, who have access only to their own operational records and publicly
available route topology. To our knowledge, this study provides the first systematic
evaluation of three graph representation classes—centrality measures, DeepWalk, and
Node2Vec—as structural augmentations to Random Forest (RF), XGBoost, and LightGBM
for hourly aircraft movement prediction at King Khalid International Airport (RUH), using
a two-hop aviation graph combining RUH operational data with the OpenFlights database.
Across all three ensemble families, random-walk graph augmentations consistently reduce
MAE by approximately 9–17% relative to temporal-only baselines, whereas handcrafted
centrality measures provide smaller and less consistent gains. Diebold–Mariano tests
confirm that both RF+DeepWalk and RF+Node2Vec significantly outperform all nine
baseline models (p < 0.05), while no statistically significant difference is observed between
the two embedding methods within any ensemble family, indicating that the benefit
arises from the class of random-walk representations rather than a specific algorithm.
RF+DeepWalk achieves the lowest observed MAE of 1.810 (RMSE = 2.481, sMAPE = 6.17%).
SHAP analysis indicates that graph embedding dimensions rank among the top predictors,
suggesting that they capture structural signal absent from temporal features.

Keywords: airport traffic forecasting; graph embeddings; DeepWalk; Node2Vec; random
forest; XGBoost; LightGBM; aviation network; Diebold–Mariano test; SHAP interpretability

1. Introduction
Ensemble learners such as Random Forest, XGBoost, and LightGBM have become

strong baselines for aviation forecasting, consistently outperforming classical statistical
models on flight delay and demand prediction [1–3]. They are computationally efficient and
robust on the medium-scale tabular datasets typical of single-airport operations. Accurate
short-term traffic forecasts are operationally critical: airport operators rely on them to
schedule ground crews, allocate gates, coordinate apron resources, and plan fuel logistics
on an hourly basis [4]. The limitation is structural: they treat each airport as an isolated
node. A hub such as King Khalid International Airport (RUH) is embedded in a dense
global network whose hourly traffic reflects not only recent local patterns but also cascading
schedule dependencies from partner hubs and concentrated demand events—including the
annual Hajj pilgrimage, one of the largest traffic surges in global aviation [5–7]. Temporal
features alone cannot encode these relationships.
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Deep spatio-temporal graph neural networks do capture network structure, but their
deployment requires synchronised operational data streams—real-time or historical traffic
readings—from many airports simultaneously, in addition to substantial computational
resources [8–10]. Recent aviation-specific graph models, including spatio-temporal net-
works for airport capacity and traffic flow prediction [11,12], follow this same paradigm.
In practice, traffic readings from partner airports are rarely available in a standardised,
synchronised format suitable for network-wide forecasting, as each airport is managed
by a separate authority under different national regulations. What is publicly available is
structural route topology—which airports serve which routes—through databases such
as OpenFlights. This distinction is critical: structural topology tells you how airports are
connected, but carries no operational signal about what is happening at those airports
at any given time. The framework proposed in this study follows exactly this principle:
it combines the target airport’s operational observations with publicly available route
topology, while requiring no operational data from any other airport.

No prior work has systematically compared lightweight graph representations—from
simple connectivity statistics to distributed random-walk embeddings—as augmentations
to ensemble learners for single-airport traffic volume forecasting, or established which
class of structural representation provides meaningful predictive benefit. Temporal models
discard structural information entirely, while graph neural networks demand data that
single-airport operators do not have; lightweight pre-computed embeddings represent an
unexplored middle ground that could bridge this divide. The present setting is methodolog-
ically distinct from three related problem classes. Flight delay prediction models a binary
or continuous disruption event, typically aggregating causal features across a network of
connected airports [1,5]; here, the target is hourly volume, not delay. Network-wide flight
flow forecasting requires synchronised operational observations from multiple airports
simultaneously [8,11,13]; here, only the target airport’s own records are available. General
transportation forecasting operates on sensor networks where all nodes are observable in
real time [14,15]; aviation lacks this infrastructure at the single-operator level. Nevertheless,
valuable structural information is still contained in publicly available route topology, includ-
ing which airports are connected and the relative strength of these connections. The unique
challenge is therefore how to exploit this structural signal without access to multi-airport
operational data, a setting in which the data requirements of spatio-temporal graph neural
networks are difficult to satisfy because they typically rely on synchronised observations
from multiple airports. Lightweight pre-computed graph embeddings address this gap
directly: they extract structural context from route topology alone, requiring no operational
observations from any airport other than the target. RUH is a well-suited testbed for this
study: it is a large international hub with a strongly structured seasonal demand profile,
a rich set of direct and second-order route partners, and complementary public route data
available through the OpenFlights database.

To address this gap, we investigate whether structural network information can
improve single-airport traffic forecasting when encoded as lightweight graph representa-
tions rather than data-intensive graph neural networks. We develop a graph-augmented
forecasting framework that combines the target airport’s operational data with publicly
available route topology and systematically compares handcrafted centrality measures with
distributed random-walk embeddings (DeepWalk [16] and Node2Vec [17]) across three
ensemble learning families (RF, XGBoost, and LightGBM), applied to hourly aircraft move-
ment forecasting at King Khalid International Airport (RUH). The graph is constructed
by combining RUH operational flight data with the OpenFlights public routes database,
producing a two-hop global aviation network that captures both direct route partners and
second-order hub influences.
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Our main contributions are as follows:

1. We present the first systematic evaluation of lightweight graph representations—centrality
measures, DeepWalk, and Node2Vec—as augmentations to temporal ensemble learn-
ers for single-airport traffic forecasting, using a two-hop aviation graph combining
RUH operational data with the OpenFlights routes database.

2. We show that random-walk graph embeddings provide substantial and statistically
significant forecasting gains (9–17% MAE reduction across ensemble
families), whereas handcrafted centrality measures provide smaller and less
consistent improvements.

3. We confirm via the Diebold–Mariano test that both RF+DeepWalk and RF+Node2Vec
significantly outperform all nine baseline models (p < 0.05), while the choice between
DeepWalk and Node2Vec does not reach statistical significance within any ensemble
family, with RF+DeepWalk achieving the lowest observed MAE of 1.810.

4. We demonstrate that the performance gains generalise across three ensemble families
(RF, XGBoost, and LightGBM), five terminals, and five consecutive walk-forward
evaluation months, with SHAP analysis confirming that graph embedding dimensions
contribute independent predictive signal beyond temporal features.

Unlike deep spatio-temporal graph neural networks, the framework is lightweight and
interpretable, offering a practical balance between accuracy, computational cost, and de-
ployment simplicity. The remainder of this paper is organised as follows. Section 2 reviews
related work. Section 3 describes the proposed framework. Section 4 outlines the evaluation
protocol. Section 5 presents and discusses the experimental results. Section 6 summarises
findings and outlines future work.

2. Related Work
2.1. Time-Series Forecasting in Aviation

The most common approach to airport traffic forecasting treats it as a pure time-series
problem. Classical models such as ARIMA and SARIMA have been widely used for traffic
volume, passenger demand, and delay prediction [18,19]. Their interpretability is a practical
advantage, but the assumption of linearity and stationarity rarely holds at a major hub [20].

Machine learning regressors address the nonlinearity. Among them, Random For-
est, XGBoost, and LightGBM have become consistently strong performers across aviation
prediction tasks. Hatıpoğlu et al. [1] demonstrated that gradient boosting methods, in-
cluding XGBoost and LightGBM, outperform classical statistical approaches for flight
delay prediction. Dai [2] showed that Random Forest-based architectures effectively model
complex, nonlinear patterns in aviation operational data. Jafari and Lewison [3] applied
deep neural networks to air passenger demand forecasting, noting that well-engineered
ensemble models remain competitive. In the Saudi aviation context, Alfarhood et al. [7]
applied machine learning to predict flight delays for Saudi Arabian Airlines, confirming the
importance of data-driven approaches for Gulf-region airports. More broadly, tree-based
ensemble methods have shown strong and reproducible performance in transportation
demand forecasting [4,21].

2.2. Graph-Based Learning for Transportation Networks

What temporal models cannot capture is structural: airports are not independent.
A small number of hub airports dominate global connectivity [22–24], and disruptions
propagate along route connections in ways that no time-series model recovers from lo-
cal history alone [5,25,26]. Representing airports as nodes and flight routes as directed
weighted edges makes these dependencies explicit [23].
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Graph-based learning techniques have been widely explored across transportation
domains [14,15]. Shallow embedding algorithms such as DeepWalk [16] and Node2Vec [17]
generate low-dimensional representations that preserve both local and global structural
relationships. DeepWalk uses uniform random walks, treating all neighbours equally to
capture global community structure, while Node2Vec extends this idea with biased walks
that balance homophily and structural equivalence, making both methods suitable for com-
plex infrastructure networks. Compared with deep graph neural networks (GNNs), which
require large labelled datasets and extensive hyperparameter tuning, these lightweight
embedding methods offer scalable and interpretable alternatives for unsupervised network
representation [10].

2.3. Hybrid Temporal–Graph Modelling

The natural extension is to combine temporal and graph learning. In road and rail
networks, spatio-temporal architectures—DCRNN [27], STGCN [28], GraphSAGE [29],
and graph attention networks [30]—have shown strong results by coupling graph con-
volutions with sequence models [14,15], with recent work combining dynamic and static
graph representations for improved traffic flow modelling [31]. Sequence-based approaches
using structured state-space models have also been proposed as graph-free alternatives
for traffic flow prediction [32], though they forgo the explicit connectivity structure that
network-level propagation requires. Aviation has seen limited adoption: Zheng et al. [8]
applied a graph multi-attention network to network-wide delay prediction, Franco et al. [9]
modelled holding-manoeuvre delays as a graph learning problem, Qian et al. [11] proposed
a spatio-temporal graph attention network for airport capacity prediction, Huang et al. [13]
developed a dynamic multi-graph convolutional network for airport arrival flow forecast-
ing, Zang et al. [33] combined ResNet, GCN, and LSTM to predict flight flow across a
network of airports, and Yan et al. [12] applied graph convolution on a semantic airport
network for short-term traffic flow prediction. Tang et al. [34] used cascaded gradient
boosting for turnaround prediction, showing that ensemble methods remain relevant
even in graph-adjacent aviation tasks. The shared limitation is data: these architectures
require synchronised operational observations from multiple airports [10], data that are
rarely available in a form suitable for network-wide forecasting [23]. As a result, ensemble
learners in aviation are applied without network structure [1,2], while graph architectures
remain out of reach for single-airport settings [8,9,11–13,33]. The consequence is a practical
vacuum: ensemble learners are deployed without any structural information, and graph
architectures that could capture it require data that single-airport operators cannot access.
What remains unexplored is whether the structural signal latent in publicly available route
topology—which carries no operational observations from other airports—can be extracted
through lightweight pre-computed embeddings and transferred into ensemble learners as
static features. This is the gap the present work addresses.

3. Methodology
3.1. Framework Overview

We propose a graph-augmented airport traffic forecasting framework that system-
atically evaluates lightweight graph representations—centrality measures, DeepWalk,
and Node2Vec—as structural augmentations to RF, XGBoost, and LightGBM applied
to hourly aircraft movement prediction. The framework captures short-term operational
dynamics through temporal features and longer-range network dependencies through
pre-computed graph embeddings derived from a two-hop global aviation graph. Figure 1
illustrates the overall workflow. RF+DW achieves the lowest observed error; the choice
between DeepWalk and Node2Vec does not reach statistical significance within any
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ensemble family, and all three ensemble families confirm that the benefit generalises
across architectures.

Figure 1. Overview of the proposed graph-augmented airport traffic forecasting framework. RUH
flight data and OpenFlights routes are combined to construct a two-hop airport graph, which is
embedded using lightweight random-walk graph embeddings (DeepWalk and Node2Vec) and
concatenated with temporal features for ensemble forecasting. The embedding panel label and
airport codes shown are generic illustrations; ellipses indicate full 64-dimensional vectors truncated
for display; node colors represent structural graph communities; arrows indicate the sequential
processing pipeline.

3.2. Problem Formulation

Let yt denote the number of aircraft movements (arrivals and departures) at the target
airport during hour t. The goal is to predict next-hour traffic ŷt+1 based on historical
observations and contextual information:

ŷt+1 = f (Xt−k:t, G) (1)

where Xt−k:t represents historical temporal observations and airport-specific contextual
features from the previous k hours, and G denotes the global airport connectivity graph.
This formulation differs from traditional univariate models by incorporating network-level
information, recognising that changes at major hubs can propagate to connected airports
and influence short-term traffic patterns [5].

3.3. Dataset Description

We use two publicly available data sources.
(1) RUH Flight Movement Dataset. The primary dataset is a publicly available opera-

tional flight movement record for King Khalid International Airport (RUH) in Riyadh, Saudi
Arabia, sourced from Kaggle (https://www.kaggle.com/datasets/mohammedalsubaie/
king-khalid-international-airport-flights-dataset (accessed on 1 May 2025)). It contains
153,308 flight movement records spanning approximately seven months of operational
data. Each record includes: scheduled timestamp (UTC and local time), origin and destina-
tion airports (ICAO/IATA), movement type (arrival or departure), terminal assignment,
aircraft model and registration, and airline identifiers. This dataset is used for temporal
feature engineering, hourly movement count aggregation (the forecasting target), and the
construction of RUH-centric edge weights in the airport graph.

(2) OpenFlights Routes Database. The secondary dataset is the OpenFlights global
routes database (https://openflights.org/data (accessed on 1 May 2025)), which provides
over 67,000 directed routes between airports worldwide. This dataset is used exclusively
for graph construction to supply the second-hop connectivity needed to extend the airport
graph beyond RUH’s direct route partners. OpenFlights data is not used for temporal
feature engineering or as forecasting targets.

RUH operates five terminals serving a diverse mix of domestic and international flights.
The airport experiences notable seasonal traffic variation driven by summer peak travel
and pilgrimage periods (Hajj and Umrah) [6,7], making it a challenging and representative
testbed for short-term traffic forecasting.
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3.4. Data Preprocessing and Temporal Aggregation

All timestamps are converted to the local time zone to ensure a unified temporal
reference. Flight events are aggregated at hourly resolution; for each hour t, the total
movement count is

yt = ∑
i∈Ft

1 (2)

where Ft denotes the set of all non-cancelled flight records within hour t. Hours with zero
movements are retained to preserve the true operational profile and prevent bias toward
high-traffic periods.

3.5. Feature Engineering

We engineer temporal features encoding recent traffic dynamics and recurrent schedul-
ing cycles, complemented by random-walk graph embeddings (DeepWalk and Node2Vec)
that provide network-level context.

(1) Lag Features.

Lag features model the autoregressive memory of airport activity. For each hour t,

Lagk(t) = yt−k, k ∈ {1, 3, 6} (3)

Lag-1h captures immediate temporal memory; Lag-3h captures short-term wave structures;
Lag-6h represents longer periodic dependencies.

(2) Rolling Mean Features.

Rolling averages smooth short-term noise and highlight gradual traffic trends:

RollMeank(t) =
1
k

k

∑
i=1

yt−i, k ∈ {3, 6} (4)

RollMean-3h captures transitional periods; RollMean-6h reflects broader operational cycles.

(3) Calendar Features.

Calendar features capture periodic cycles from daily and weekly scheduling patterns.
Hour of day is encoded using trigonometric transformations to preserve continuity between
hour 23 and hour 0:

hour_sin(t) = sin
(

2π · hour(t)
24

)
,

hour_cos(t) = cos
(

2π · hour(t)
24

) (5)

Additional calendar variables include weekday (0–6), a Saudi weekend indicator
(Friday–Saturday), and month of year. All calendar features are exogenous temporal
indicators derived from the forecast timestamp and fully observable before the next-hour
prediction is generated; they are not computed from the target variable yt+1 and therefore
do not introduce label leakage. Table 1 summarises all temporal features.

Table 1. Summary of temporal feature sets used in this study.

Feature Set Feature Description

Lags
Lag-1h Flight count one hour earlier; captures immediate traffic memory.
Lag-3h Flight count three hours earlier; reflects short flight-bank cycles.
Lag-6h Flight count six hours earlier; captures longer daily repeating patterns.
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Table 1. Cont.

Feature Set Feature Description

RollMeans MA-3h Three-hour rolling mean; smooths short spikes and transient fluctuations.
MA-6h Six-hour rolling mean; captures broader traffic trend direction.

Calendar
Hour (sin, cos) Circular encoding of hour of day to model daily periodicity.
Weekday/Weekend Weekday index and Saudi weekend flag (Fri–Sat).
Month Month of year to capture seasonal variation.

3.6. Airport Graph Construction

Airport networks are scale-free and small-world, with a small number of highly
connected hubs dominating global flows [22–24]. We construct the graph in three steps
using the two datasets described in Section 3.3.

Step 1: Extract RUH direct route partners (1-hop nodes). All unique origin–destination
pairs in the RUH flight dataset are extracted. Airports that appear as either the origin or
destination of a flight involving RUH form the set of 1-hop neighbours N1(RUH). Directed
edges between RUH and each neighbour d are assigned frequency-based weights:

wRUH,d = |{ f ∈ F : origin( f ) = RUH, destination( f ) = d}| (6)

To prevent temporal leakage, RUH edge weights were computed exclusively from flights
in the training partition (hours 1–3515); validation and test flights were not used in graph
construction or embedding generation.

Step 2: Extend to 2-hop neighbours via OpenFlights. For each 1-hop neighbour
d ∈ N1(RUH), the OpenFlights routes database is queried to retrieve all airports reachable
from d in one hop. These airports form the 2-hop neighbourhood N2(RUH), and the
corresponding directed edges (d, n) are added with unit weight (OpenFlights does not
provide flight frequency). This step incorporates hub-level structural information that
reflects cascading propagation patterns and global connectivity roles [5,24].

Step 3: Construct the directed weighted graph. The final graph G = (V, E) consists of
all nodes in {RUH} ∪ N1 ∪N2 and all directed edges from Steps 1 and 2. The adjacency
matrix is

Aij =

wij, if a route exists between airports i and j,

0, otherwise.
(7)

The two-hop extension adds global hub structure absent from a purely local graph.
To prevent temporal leakage, RUH edge weights were computed exclusively from flights in
the training partition, while the OpenFlights routes database was used only to define static
second-hop connectivity. Both DeepWalk and Node2Vec embeddings were then generated
from this fixed graph.

Table 2 summarises the dataset partitioning and graph topology statistics. The
153,308 raw flight records yield 5022 hourly observations after aggregation, split chrono-
logically into 3515 training, 753 validation, and 754 test hours. The two-hop aviation graph
contains 1198 nodes and 11,200 directed edges, with 112 airports directly connected to RUH
and 1085 s-order neighbours contributing global hub structure.
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Table 2. Dataset partitioning and graph topology statistics.

Statistic Value

Dataset
Raw flight records 153,308
Total hourly observations 5022
Training hours (70%) 3515
Validation hours (15%) 753
Test hours (15%) 754

Airport graph
Direct RUH neighbours (1-hop) 112
Two-hop airports 1085
Total graph nodes 1198
Total directed edges 11,200
Random-walk embedding dimension 64

3.7. Graph Embedding Generation

We evaluate two lightweight random-walk embedding methods—DeepWalk and
Node2Vec—alongside centrality measures as the three graph representations under study.
Both random-walk methods are preferred over deep graph neural networks because they
capture local and global connectivity efficiently without labelled supervision, scale well to
the 1198-node aviation graph, and produce fixed-length feature vectors directly compatible
with tabular ensemble learners [10,16,17].

Both methods share the same objective: maximise the log-likelihood of observing
context nodes generated through random walks:

max
Φ

∑
u∈V

log P(NS(u) | Φ(u)) (8)

where V is the set of airports, NS(u) is the neighbourhood of node u obtained via sampling
strategy S, and Φ : V → Rd assigns each airport a d-dimensional embedding.

DeepWalk [16] performs uniform random walks (p = 1, q = 1), treating all neighbours
equally at each step. This produces embeddings that reflect the global community structure
of the network.

Node2Vec [17] introduces two parameters p (return probability) and q (in-out prob-
ability) that control the trade-off between depth-first and breadth-first exploration. We
set p = 1.0 and q = 0.5, biasing walks toward deeper neighbourhood exploration. Both
methods use identical remaining hyperparameters (dimensions = 64, walk length = 80,
walks per node = 10, window = 10, epochs = 5), ensuring a fair comparison where only the
walk strategy differs. DeepWalk and Node2Vec were selected because they represent the
two canonical random-walk embedding paradigms [16,17] and differ primarily in walk
exploration strategy, enabling a controlled comparison of structural representations under
otherwise identical conditions. More complex embedding methods (e.g., LINE, NetMF)
were deliberately excluded to maintain a clean experimental design focused on the effect of
walk bias rather than a broad embedding benchmark.

Centrality features provide a handcrafted baseline for graph-structural information.
Four node-level statistics are computed: PageRank, in-degree centrality, out-degree cen-
trality, and betweenness centrality. These are included as an ablation condition to assess
whether simple summary statistics capture sufficient structural information, or whether
distributed representations are required.

https://doi.org/10.3390/electronics15132923

https://doi.org/10.3390/electronics15132923


Electronics 2026, 15, 2923 9 of 22

To derive a per-hour graph feature for each embedding method, we compute a mean
embedding across all destination airports with RUH departures during hour t:

ēt =
1

|Dt| ∑
d∈Dt

Φ(d) (9)

where Dt is the set of destination airports served by RUH departures during hour t.
The destination set Dt is constructed from scheduled departure times, which are published
in advance and known before hour t begins; therefore, the hourly graph feature is fully
observable at forecast issuance and does not rely on realised future operational outcomes.
Hours with no departures receive a zero vector. Departure destinations were selected to
provide a consistent representation of RUH’s outbound network context. Although separate
arrival–origin embeddings could provide complementary information, incorporating both
arrival and departure representations would substantially increase feature dimensionality
and introduce an additional design variable, which falls outside the scope of the present
study. Combined arrival–departure aggregation is identified as a direction for future work
in Section 5.10. Forecasts are generated at the end of hour t using information available up
to and including hour t, with the target defined as traffic during hour t + 1. The feature
vector for a graph-augmented model concatenates temporal features with the hourly
mean embedding:

xt = [Xt ∥ ēt] (10)

where Xt is the 10-dimensional temporal feature vector and ēt ∈ R64, yielding a
74-dimensional input per hour.

3.8. Prediction Models

We organise models into three groups: strong temporal baselines, proposed graph-
augmented models, and reference baselines.

(1) Strong Temporal Baselines. Based on prior work demonstrating their strong and
consistent performance in aviation prediction tasks [1–3], three tree-based ensemble families
are selected as the primary comparison group: Random Forest (RF) [35], XGBoost [36],
and LightGBM [37]. Each is trained exclusively on the 10-dimensional temporal feature set
Xt. RF constructs multiple independent decision trees on bootstrap samples and aggregates
outputs, reducing variance through ensemble averaging. XGBoost builds trees sequentially
under a gradient boosting framework, minimising regularised residuals from the preceding
model. LightGBM adopts a leaf-wise growth strategy with histogram-based split finding,
offering fast training and competitive accuracy on tabular datasets.

(2) Proposed: Graph-Augmented Models. We augment each strong temporal baseline
with a 64-dimensional mean graph embedding ēt, independently for each embedding
method, yielding six graph-augmented models: RF+DW, XGBoost+DW, LightGBM+DW
(DeepWalk family) and RF+N2V, XGBoost+N2V, LightGBM+N2V (Node2Vec family). Each
is trained on the 74-dimensional feature vector xt = [Xt∥ēt]. The two embedding families
are evaluated under identical conditions—same base models, same hyperparameters,
same seeds—so that any performance difference is attributable solely to the walk strategy
(p = q = 1 for DeepWalk vs. p = 1, q = 0.5 for Node2Vec).

(3) Reference Baselines. Six additional models provide broader context. A Long
Short-Term Memory (LSTM) network [38] processes a 24 h sliding window of temporal
signals through stacked gating layers, representing the best achievable performance from
a standard deep sequence model without graph augmentation [4,39]. GRU and deeper
LSTM variants were not included as separate baselines; the two-layer LSTM is selected to
represent the class of deep sequence models. Empirically, the two-layer LSTM already un-
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derperforms the temporal-only RF baseline by a substantial margin (MAE 2.668 vs. 2.028),
consistent with prior findings that deep sequential architectures require substantially larger
training sets to match well-engineered ensemble methods [3,4]. TCN and Transformer
architectures generally require larger training sets than recurrent models and are therefore
unlikely to provide a clear advantage under the present data constraints (3515 training
hours). Including them would substantially broaden the scope of the study without directly
addressing the central comparison between graph representation classes and ensemble
learners. Evaluating graph augmentation in conjunction with TCN or Transformer back-
bones remains an interesting direction for future work. An MLP with two fully connected
hidden layers (128 and 64 neurons, ReLU activations, dropout) provides a non-sequential
neural network reference. SVR (RBF kernel) and Ridge Regression represent classical
regression baselines trained on temporal features [20]. ARIMA(p,d,q) with orders selected
via AIC [18,19] and a naive Persistence model (ŷt+1 = yt) provide lower-bound statistical
references [40]. All reference baselines are trained on temporal features only.

3.9. Model Formulation and Learning Objective

For RF, the prediction averages B independently trained regression trees:

ŷt+1 =
1
B

B

∑
b=1

Tb(xt) (11)

For XGBoost and LightGBM, the prediction is an additive ensemble of M weak learners:

ŷt+1 =
M

∑
m=1

fm(xt) (12)

where each fm is a regression tree added to minimise a regularised loss:

L =
n

∑
t=1

(yt+1 − ŷt+1)
2 +

M

∑
m=1

Ω( fm) (13)

where Ω( fm) penalises overly complex trees to balance accuracy and generalisation.

4. Experimental Setup
4.1. Environment and Data Partitioning

We ran all experiments in Python 3.12 on Google Colab. Deep learning models (LSTM,
MLP) used a Tesla T4 GPU via PyTorch (v2.11.0); all tree-based models (RF, XGBoost,
LightGBM), graph construction, and random-walk embedding generation ran on CPU
using scikit-learn (v1.6.1), XGBoost (v3.3.0), LightGBM (v4.6.0), and NetworkX (v3.6.1).
Data processing used pandas (v2.2.2), NumPy (v1.26.4), and statsmodels (v0.14.6). Reported
training and inference times reflect CPU execution.

We divided the dataset into three temporal segments following a strict chronolog-
ical walk-forward strategy to prevent look-ahead bias: 70% training, 15% validation
(for hyperparameter tuning and early stopping), and 15% testing. All stochastic exper-
iments were repeated across five independent random seeds (42, 123, 456, 789, 2024),
and mean ± standard deviation are reported. Deterministic models (SVR, Ridge, Persis-
tence, ARIMA) are reported as single values.

4.2. Model Hyperparameters

We selected hyperparameters via grid search on the validation subset. Table 3 sum-
marises all configurations.
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Table 3. Hyperparameter configuration of all evaluated models.

Model Parameter Value

RF n_estimators 300
max_depth 10
min_samples_leaf 2

XGBoost learning rate 0.05
max_depth 6
n_estimators 500
subsample/colsample 0.8
λ/α 1/1
early stopping 20 rounds

LightGBM learning rate 0.05
max_depth 6
n_estimators 500
subsample/colsample 0.8
λ/α 1/1
early stopping 20 rounds

LSTM hidden size/layers 64/2
dropout 0.2
sequence length 24 h
learning rate/batch 0.001/64

MLP hidden layers (128, 64)
dropout 0.2
learning rate/batch 0.001/64

SVR kernel/C/ε RBF/10/0.1

Ridge α (CV) {0.01, 0.1, 1, 10}

DeepWalk dimension/walk length 64/80
walks per node/window 10/10
p/q 1.0/1.0
epochs/learning rate 5/0.025

Node2Vec dimension/walk length 64/80
walks per node/window 10/10
p/q 1.0/0.5
epochs/learning rate 5/0.025

4.3. Evaluation Metrics

We assess model performance using three complementary metrics [40–42]:

MAE =
1
n

n

∑
t=1

|yt+1 − ŷt+1| (14)

RMSE =

√
1
n

n

∑
t=1

(yt+1 − ŷt+1)2 (15)

sMAPE =
100
n

n

∑
t=1

|yt+1 − ŷt+1|
(|yt+1|+ |ŷt+1|)/2

(16)

MAE and RMSE serve as primary indicators (both expressed in aircraft movements
per hour); sMAPE provides a scale-normalised complement. Because sMAPE is sensitive to
near-zero values [40], MAE and RMSE are treated as the principal performance measures.

To assess statistical significance, the Diebold–Mariano (DM) test [43] is applied pair-
wise using squared-error loss differences. Two sets of comparisons are reported: (i) each
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graph-augmented model vs. all nine baseline models; (ii) a direct comparison between the
DeepWalk and Node2Vec variants within each ensemble family. A two-sided test with
α = 0.05 is used throughout. The long-run variance is estimated using the Newey–West
HAC estimator with a Bartlett kernel and bandwidth M = ⌊T1/3⌋ = 9, where T = 754 is
the test-set length.

5. Results and Discussion
5.1. Overall Model Performance

Table 4 shows the performance of all models on the held-out test set. Models are
grouped as reference baselines, strong temporal baselines, and proposed graph-augmented
models, sorted by MAE within each group. Stochastic models report mean ± std across
five seeds; deterministic models report single values.

Table 4. Comparative performance on the RUH test set. Lower values indicate better performance.
Models are grouped as: reference baselines (top), strong temporal baselines (middle), and proposed
graph-augmented models (bottom). The best overall result is highlighted in bold. Improvement
column reports MAE reduction relative to the corresponding temporal-only baseline (RF, XGBoost,
or LightGBM). Dashes (—) indicate that the improvement metric is not applicable for models without
graph augmentation.

Model MAE RMSE sMAPE (%) Improv. vs. Base

Reference baselines (temporal features only)
Persistence 4.4138 5.7662 15.61 —
ARIMA (3,0,1) 5.7775 6.9440 19.48 —
Ridge 3.4803 4.7076 12.09 —
SVR 2.4107 3.2917 8.28 —
MLP 3.1518 ± 0.09 4.0211 ± 0.11 10.75 ± 0.30 —
LSTM 2.6679 ± 0.15 3.5030 ± 0.20 9.08 ± 0.63 —

Strong temporal baselines (temporal features only)
LightGBM 2.4354 ± 0.02 3.3098 ± 0.02 8.35 ± 0.09 —
XGBoost 2.3815 ± 0.02 3.2703 ± 0.02 8.10 ± 0.07 —
RF 2.0283 ± 0.00 2.8884 ± 0.01 6.93 ± 0.02 —

Proposed: graph-augmented models (temporal + DeepWalk)
LightGBM+DW 2.0427 ± 0.01 2.9239 ± 0.02 6.90 ± 0.04 −16.1%
XGBoost+DW 2.0116 ± 0.03 2.9304 ± 0.04 6.82 ± 0.08 −15.5%
RF+DW 1.8098 ± 0.01 2.4811 ± 0.02 6.17 ± 0.02 −10.8%

Proposed: graph-augmented models (temporal + Node2Vec)
LightGBM+N2V 2.0193 ± 0.02 2.8669 ± 0.04 6.88 ± 0.08 −17.1%
XGBoost+N2V 1.9959 ± 0.01 2.9348 ± 0.04 6.79 ± 0.05 −16.2%
RF+N2V 1.8371 ± 0.02 2.5077 ± 0.02 6.30 ± 0.05 −9.4%

Random-walk graph embeddings improve all three ensemble families consistently
across both DeepWalk and Node2Vec variants. RF+DeepWalk achieved the lowest observed
MAE of 1.810 (RMSE = 2.481, sMAPE = 6.17%). RF+Node2Vec is closely competitive
(MAE = 1.837); the pairwise difference between DeepWalk and Node2Vec does not reach
statistical significance within any ensemble family (see Section 5.2). Graph augmentation
reduces MAE by approximately 9–11% for the RF family and 15–17% for the XGBoost and
LightGBM families.

Among temporal-only models, RF (MAE = 2.028) is the strongest, outperforming
XGBoost (2.382) and LightGBM (2.435). RF’s bootstrap aggregation is particularly effective
on the 3515 training hours available here [4,35]. Despite regularisation, gradient boosting
is more susceptible to overfitting at this scale; RF’s independent tree construction yields
a more stable optimisation landscape. LSTM (MAE = 2.668) and MLP (MAE = 3.152) un-
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derperform all three tree-based baselines; deep learning architectures require substantially
larger datasets to match well-engineered ensemble methods [3,4]. SVR (MAE = 2.411) and
Ridge (MAE = 3.480) trail the ensemble learners. ARIMA (MAE = 5.778) and Persistence
(MAE = 4.414) reflect the non-stationary nature of the task.

5.2. Statistical Significance

Table 5 reports the Diebold–Mariano test results comparing RF+DW against all nine
baselines [43]. A negative DM statistic indicates that RF+DW has lower squared error than
the comparison model. Table 6 reports the direct comparison between the DeepWalk and
Node2Vec variants within each ensemble family.

Table 5. Diebold–Mariano test: RF+DW vs. all baselines. Negative DM statistic favours RF+DW.
✓ = significant at p < 0.05.

Baseline DM Stat p-Value Sig.

vs. strong temporal baselines
RF −2.942 0.003 ✓
XGBoost −4.806 <0.001 ✓
LightGBM −5.560 <0.001 ✓

vs. reference baselines
SVR −4.371 <0.001 ✓
LSTM −4.933 <0.001 ✓
MLP −9.613 <0.001 ✓
Ridge −8.360 <0.001 ✓
Persistence −9.939 <0.001 ✓
ARIMA −14.933 <0.001 ✓

Table 6. Diebold–Mariano test: DeepWalk vs. Node2Vec within each ensemble family. Negative
DM statistic favours the DeepWalk variant. Dashes (—) indicate results that did not reach statistical
significance (p ≥ 0.05).

Comparison DM Stat p-Value Sig.

RF+DW vs. RF+N2V −0.468 0.640 —
XGBoost+DW vs. XGBoost+N2V −0.139 0.890 —
LightGBM+DW vs. LightGBM+N2V +1.043 0.297 —

RF+DW significantly outperforms all nine baselines at α = 0.05, including the
temporal-only RF (p = 0.003)—the most challenging comparison since RF already captures
the dominant periodic and autoregressive patterns. Random-walk graph embeddings thus
provide predictive signal that temporal features alone cannot recover. Similarly, RF+N2V
significantly outperforms all nine baselines (p = 0.016 vs. RF), confirming that the observed
gains are not specific to a single embedding method. The largest DM statistics are against
ARIMA (−14.933) and Persistence (−9.939), reflecting the non-stationary nature of the task.

The direct embedding comparison (Table 6) shows that neither DeepWalk nor
Node2Vec consistently outperforms the other—none of the three pairwise comparisons
reaches statistical significance (RF: p = 0.640; XGBoost: p = 0.890; LightGBM: p = 0.297).
Taken together, the evidence supports a finding about the class of representation rather than
a specific algorithm: random-walk embeddings consistently outperform temporal-only
baselines across all three ensemble families, and the benefit of graph augmentation is robust
across both walk strategies regardless of the choice of walk parameterisation.
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5.3. Feature Ablation Study

Table 7 reports the ablation results across 11 feature subsets for XGBoost and RF
(mean ± std across five seeds), isolating the contribution of each feature group. LightGBM
exhibited a pattern closely matching XGBoost across all subsets and is omitted for concise-
ness. Table 8 summarises the key progression from temporal-only to graph-augmented
representations for RF.

Table 7. Ablation study: mean MAE and RMSE (±std across five seeds) for XGBoost and RF. Lower
is better. Feature sets are ordered from simplest to most complete. Best results (graph-augmented
models) are highlighted in bold.

Feature Set
XGBoost (Mean ± Std) RF (Mean ± Std)

MAE RMSE MAE RMSE

Individual feature groups
Lags only 3.368 ± 0.011 4.585 ± 0.027 3.223 ± 0.010 4.530 ± 0.013
RollMeans only 4.033 ± 0.069 5.336 ± 0.064 3.407 ± 0.001 4.707 ± 0.003
Calendar only 2.360 ± 0.025 2.938 ± 0.017 1.820 ± 0.011 2.318 ± 0.014
Centrality only 4.232 ± 0.023 5.849 ± 0.038 4.131 ± 0.007 5.341 ± 0.008
DeepWalk only 2.643 ± 0.016 3.609 ± 0.023 2.276 ± 0.009 3.118 ± 0.022
Node2Vec only 2.595 ± 0.023 3.561 ± 0.055 2.253 ± 0.013 2.990 ± 0.014

Combined feature sets
Lags + RollMeans 3.058 ± 0.059 4.334 ± 0.065 2.898 ± 0.006 4.174 ± 0.007
AllTemporal 2.382 ± 0.019 3.270 ± 0.025 2.028 ± 0.004 2.888 ± 0.016
Centrality + AllTemporal 2.177 ± 0.016 3.012 ± 0.038 2.022 ± 0.008 2.762 ± 0.017
DeepWalk + AllTemporal 2.012 ± 0.030 2.930 ± 0.050 1.810 ± 0.006 2.481 ± 0.017
Node2Vec + AllTemporal 1.996 ± 0.016 2.935 ± 0.045 1.837 ± 0.017 2.508 ± 0.027

Table 8. RF MAE progression across graph representation types. Centrality provides negligible gain;
random-walk embeddings provide substantial improvement. DM p-value is against temporal-only
RF. Best result highlighted in bold. Dashes (—) indicate that the metric is not applicable for the
reference baseline (AllTemporal).

RF Feature Set MAE RMSE ∆MAE vs. Temporal DM p-Value

AllTemporal 2.028 2.888 — —
Centrality + AllTemporal 2.022 2.762 −0.3% n.s. ∗

Node2Vec + AllTemporal 1.837 2.508 −9.4% 0.016
DeepWalk + AllTemporal 1.810 2.481 −10.8% 0.003

∗ n.s. = not significant at p < 0.05.

Table 8 captures the central finding of the ablation: centrality features provide neg-
ligible improvement over temporal-only RF (∆MAE = −0.3%), whereas random-walk
embeddings yield substantial gains of approximately 9–11%. DeepWalk embeddings
alone achieve MAE of 2.276 (RF) and 2.643 (XGBoost), while Node2Vec embeddings alone
achieve MAE of 2.253 (RF) and 2.595 (XGBoost), demonstrating that graph structure in-
dependently encodes predictive signal. RMSE trends throughout Table 7 are broadly
consistent with MAE. The Calendar-only RF baseline is highly competitive (MAE = 1.820);
DeepWalk+AllTemporal achieves the lowest MAE overall (1.810, ∆ ≈ 0.5% over Calendar-
only). Notably, adding lag and rolling-mean features to calendar variables (AllTemporal
RF, MAE = 2.028) leads to worse performance than Calendar-only, indicating that the richer
temporal feature set does not automatically translate into better predictive accuracy in this
setting. DeepWalk+AllTemporal largely recovers this loss while retaining the full tempo-
ral feature set. Taken together, these results suggest that recurring temporal schedules
explain a substantial fraction of RUH traffic variability, while graph embeddings provide
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complementary structural information that yields the lowest overall MAE. The absolute
gain over Calendar-only is modest (∆ ≈ 0.5%); the primary contribution of the embed-
dings is to offset the performance degradation caused by adding temporal features in
this setting. DeepWalk performs better than Node2Vec as a standalone representation,
but both improve substantially when combined with temporal features; the main gain
comes from random-walk graph representation, while the walk strategy has a modest
model-dependent effect.

Calendar features are the most informative single temporal group. For RF, calendar
features alone achieve MAE = 1.820, outperforming lags (3.223) and rolling means (3.407).
This reflects RUH’s highly regular scheduling: hour of day and day of week largely
determine traffic volume [6]. However, calendar features alone lack historical memory and
may be less robust under irregular traffic conditions, motivating the inclusion of lag, rolling
mean, and graph-based representations. For XGBoost, calendar features also dominate
(2.360), though the gap is less pronounced.

RF degrades slightly when moving from Calendar only to AllTemporal (1.820 → 2.028).
Adding five correlated lag and rolling mean features dilutes the probability of selecting
calendar features at individual splits [35]. Adding 64 graph embedding dimensions reverses
this trend: the embeddings expand the feature space in an uncorrelated direction, raising
the fraction of informative features available at each split and yielding the best results
across both embedding methods.

Graph centrality features provide negligible benefit over AllTemporal for RF
(2.028 → 2.022, ∆ = −0.3%) and moderate but substantially smaller benefit for XGBoost
(2.382 → 2.177, ∆ ≈ −9%) compared with random-walk embeddings (∆ = −9 to −17%
across families). The gains from centrality are therefore smaller in magnitude and less
consistent across model families than those from distributed embeddings. This shows that
handcrafted node-level statistics—PageRank, degree centrality, betweenness—are insuffi-
cient to capture the relational structure of the aviation network. Each centrality measure
collapses the full neighbourhood structure of a node into a single scalar, discarding the
distributed positional context that distinguishes one hub from another at a fine-grained
level. Distributed random-walk embeddings, by contrast, encode neighbourhood context
across multiple hops into a 64-dimensional vector, preserving the relational geometry of
the network and producing representations that are both richer and more complementary
to temporal features [16,17].

5.4. Embedding Dimension Sensitivity

Table 9 reports the effect of embedding dimension on forecasting performance for
RF+DW and RF+N2V (mean ± std across five seeds). Each model is trained using only the
graph embeddings at the specified dimension combined with the full temporal feature set.
Performance generally improves as dimension increases from 16 to 128 for both methods.
RF+DW outperforms RF+N2V at dimensions 32, 64, and 128, while RF+N2V achieves lower
MAE at dimension 16; the differences are small and within approximately one standard
deviation. Performance variations remain modest across the tested dimensions, confirming
that the results are stable and not an artifact of a single lucky hyperparameter setting.
The relative ranking of representation classes remains unchanged across all tested dimen-
sions. A fixed dimension of 64 was retained throughout the main experiments to maintain
a consistent and comparable experimental setting; the sensitivity results demonstrate that
this choice is conservative rather than tuned to maximise reported performance.
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Table 9. Embedding dimension sensitivity analysis for RF+DW and RF+N2V. MAE and RMSE are
mean ± std across five seeds. Lower is better. Best result per method highlighted in bold.

Dim Method MAE RMSE

16 RF+DW 1.822 ± 0.004 2.449 ± 0.017
RF+N2V 1.799 ± 0.005 2.394 ± 0.011

32 RF+DW 1.824 ± 0.007 2.448 ± 0.017
RF+N2V 1.829 ± 0.007 2.504 ± 0.021

64 RF+DW 1.781 ± 0.006 2.431 ± 0.030
RF+N2V 1.821 ± 0.008 2.453 ± 0.021

128 RF+DW 1.778 ± 0.010 2.402 ± 0.025
RF+N2V 1.781 ± 0.011 2.447 ± 0.026

5.5. SHAP Interpretability

Figure 2 presents SHAP mean absolute feature importance for RF+DW, the best-
performing model, computed using TreeExplainer [44] on the seed-42 model instance on
the test set.

Figure 2. SHAP feature importance for RF+DW (top 20 features, mean |SHAP value|). The dominant
predictors are the 1 h lag and time-of-day encodings, followed by month and the DeepWalk dimension
dw_11. Thirteen of the top 20 features are DeepWalk dimensions, confirming that distributed graph
representations contribute independent predictive signal beyond temporal features.

lag1 is the most influential feature, reflecting the strong autoregressive structure of
RUH’s traffic. hour_sin and hour_cos follow, capturing the daily periodicity of scheduled
operations. month ranks fourth, encoding seasonal cycles and pilgrimage-driven demand
typical of Gulf aviation [6,7]. dw_11 ranks fifth—directly after month and ahead of lag6,
ma6, ma3, and all remaining temporal features—and 13 of the top 20 features are DeepWalk
dimensions. This provides mechanistic evidence that distributed graph representations
capture network-structural signal that is absent from, and complementary to, the temporal
feature set.
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5.6. Residual Distribution and Model Behaviour

Figure 3 presents the residual error distributions for the two best-performing graph-
augmented variants: RF+DW and RF+N2V.

Figure 3. Residual distributions for the two best graph-augmented Random Forest variants.
(a) RF+DW histogram; (b) RF+N2V histogram; (c) comparative boxplot. Both models show residuals
centred near zero; RF+DW exhibits a marginally tighter distribution with slightly fewer extreme
outliers, consistent with its lower observed MAE.

Both histograms are concentrated near zero, indicating largely unbiased predictions.
RF+DW and RF+N2V produce visually similar distributions, reflecting the modest magni-
tude of the actual performance gap. Both benefit from averaging 300 independent trees,
which smooths the over- and under-estimation errors typical of sequential boosting and
yields a tight, near-symmetric residual spread (−10 to +10) [21,42]. The modest edge of
RF+DW in the tails is consistent with its slightly lower MAE (1.810 vs. 1.837) but should
not be interpreted as a systematic advantage; it reflects the stochastic sampling variability
inherent to random-walk embedding generation [4].

5.7. Terminal-Level Forecasting Performance

Table 10 evaluates RF+DW across all five terminals of RUH.

Table 10. Terminal-level forecasting performance of RF+DW across all five terminals.

Terminal MAE RMSE sMAPE (%) Hours

Terminal 1 0.307 0.518 6.14 743
Terminal 2 0.069 0.105 5.61 356
Terminal 3 0.278 0.401 6.20 743
Terminal 4 0.245 0.365 6.12 736
Terminal 5 0.946 1.277 6.16 754

sMAPE is consistent across all five terminals (5.61–6.20%), showing that RF+DW’s
relative accuracy is stable regardless of terminal type or traffic volume. Terminal 2 achieves
the lowest absolute error (MAE = 0.069), reflecting its lower and more regular traffic volume
(356 evaluated hours, approximately half the others). Terminal 5—the busiest international
terminal—exhibits the highest absolute error (MAE = 0.946, RMSE = 1.277), attributable
to greater traffic volume, irregular airline scheduling, and higher sensitivity to external
disruptions [5,19]. Despite this, its sMAPE (6.16%) remains within the same narrow band
as all other terminals.

5.8. Temporal Robustness Analysis

Figure 4 presents the monthly walk-forward evaluation across five consecutive walk-
forward evaluation months (June–October 2025), where each month’s test set is evaluated
on a model trained on all preceding data.
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Figure 4. Monthly walk-forward MAE (left) and RMSE (right) for RF+DW and RF+N2V. Both random-
walk-augmented variants track each other closely across all five walk-forward evaluation months,
with neither method consistently outperforming the other, consistent with the non-significant pairwise
Diebold–Mariano test. Both models show a general improving trend as the training window expands,
with a temporary performance degradation in July 2025 attributable to seasonal demand surge.

RF+DW and RF+N2V track each other closely across all five walk-forward evaluation
months, consistent with the non-significant pairwise Diebold–Mariano test between them
and the modest magnitude of the overall performance gap. Both models improve as the
training window grows, with RF+DW reaching MAE ≈ 1.79 by October 2025. A temporary
degradation appears in July 2025: RUH handles a large share of Saudi Arabia’s pilgrimage
traffic, and July coincides with the annual Hajj season—one of the largest concentrated
traffic surges in global aviation [6,7]. The model has not yet seen enough data from this
high-demand period to calibrate accurately. Recovery from August onward shows that
both variants adapt as more seasonal data accumulates, and the embedding-family gap
remains stable throughout, underscoring that the benefit derives from the random-walk
representation class rather than from any specific walk strategy.

5.9. Computational Cost and Training Time

Table 11 reports representative training and inference times measured using seed 42.

Table 11. Training and inference times for all evaluated models (measured on seed 42, CPU-only).
Inference time is the per-sample prediction latency in milliseconds. Embedding generation is a
one-time offline cost reported separately.

Model Train (s) Infer (ms/Sample)

Temporal-only baselines (10 features)
RF 0.79 0.116
XGBoost 0.20 0.004
LightGBM 0.17 0.008

Graph-augmented: Node2Vec (74 features)
RF+N2V 10.73 0.129
XGBoost+N2V 3.42 0.003
LightGBM+N2V 0.92 0.016

Graph-augmented: DeepWalk (74 features)
RF+DW 10.62 0.132
XGBoost+DW 2.75 0.004
LightGBM+DW 0.90 0.010

Adding 64 graph embedding dimensions increases RF training time from 0.79 s to
≈10.6 s (a 13× factor attributable to the expanded split-evaluation space across 300 trees);
XGBoost+DW shows a similarly large increase (0.20 s to 2.75 s, ≈14×), while LightGBM
shows a proportionally smaller increase due to its leaf-wise growth strategy. Inference
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latency is negligible for all models (<0.15 ms per sample), confirming real-time applicability.
Embedding generation is a one-time offline cost: Node2Vec takes ≈18 s and DeepWalk
≈17 s on the same CPU. End-to-end pipeline execution—including preprocessing, graph
construction, embedding generation, and model training across all evaluated models and
five seeds—completes in under three minutes, confirming the framework’s suitability for
operational deployment without specialised hardware.

5.10. Limitations

The proposed framework has several limitations to acknowledge. First, the evaluation
is conducted on a single airport (RUH); generalisation to airports with different operational
profiles—hub-and-spoke, regional, or highly seasonal—has not been empirically verified.
Second, the airport graph is constructed from historical flight connections and represents a
static approximation that does not account for seasonal route additions, route suspensions,
or other network changes that occur over time; periodic recomputation of embeddings
could better reflect evolving network topology and is discussed as a future direction below.
Third, external demand drivers such as fuel pricing, major events, or pandemic-related
disruptions were not incorporated as features. Fourth, while the choice between DeepWalk
and Node2Vec did not reach statistical significance in any ensemble family, additional
random-walk variants (e.g., LINE, HARP) and higher-order graph neural network embed-
dings were not included in the comparison. Fifth, the graph augmentation was applied
exclusively to tree-based ensemble learners; whether similar accuracy gains transfer to
deep learning architectures such as LSTM or GNN-based models remains an open question
for future investigation. Finally, the model is tested over five months; longer evaluation
horizons across multiple years would provide stronger evidence of temporal robustness.
Additionally, the per-hour graph feature is derived by averaging destination embeddings
across all departures in hour t (Equation (9)); this simple aggregation discards distribu-
tional information about the departure set—for example, whether traffic is concentrated
on a single frequently-served route or spread across many destinations—and weighted
or distribution-aware aggregation strategies remain an open direction. Future work may
address these limitations by incorporating dynamic graph representations, real-time opera-
tional feeds, deep learning graph augmentation, and multi-airport evaluation.

6. Conclusions
This study presents the first systematic evaluation of lightweight graph representations

for single-airport traffic forecasting using temporal ensemble learners. We proposed a
graph-augmented forecasting framework that augments RF, XGBoost, and LightGBM
with three structural representations (centrality measures, DeepWalk, and Node2Vec)
derived from a two-hop global aviation graph combining RUH operational data with the
OpenFlights routes database.

The central finding is that the class of random-walk distributed representations—not
any specific algorithm—drives accuracy gains. Both embedding families improve all
three model families numerically, with the strongest statistically validated gains observed
for the RF family: RF+DW achieved the lowest observed MAE (1.810, RMSE = 2.481,
sMAPE = 6.17%) and RF+N2V achieved a competitive result (MAE = 1.837); the choice
between DeepWalk and Node2Vec did not reach statistical significance in any ensemble
family (p ≥ 0.297), while Diebold–Mariano tests confirm both are significantly better than
all baseline models (p ≤ 0.016). Graph augmentation reduced MAE by approximately
9–17% across all three ensemble families, demonstrating that the benefit generalises beyond
a single architecture. By contrast, graph centrality features yielded negligible improvement
for RF (∆MAE = −0.3%) and moderate but substantially smaller improvement for XGBoost
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(∼−9%) compared with random-walk embeddings, confirming that distributed structural
representations carry far more forecasting signal than scalar graph statistics.

SHAP analysis revealed that 13 of the top 20 most influential features are DeepWalk
embedding dimensions, with the leading dimension (dw_11) ranked fifth overall—directly
confirming the contribution of learned network-structural context. Terminal-level evalua-
tion showed consistent relative accuracy across all five RUH terminals (sMAPE 5.61–6.20%),
and monthly walk-forward analysis confirmed stable generalisation over five evaluation
months, with a predictable July dip attributable to the Hajj traffic surge.

The framework requires no GPU hardware, no real-time data feeds, and completes
end-to-end training in under three minutes, requiring only the target airport’s operational
records and publicly available route topology—making it a practical candidate for op-
erational integration into airport management and decision-support systems, subject to
validation across additional airports and operational conditions. Future work may incor-
porate real-time flight status feeds, weather covariates, dynamic graph representations,
additional embedding architectures, and multi-airport validation. An explicit binary indi-
cator for the Hajj and Umrah pilgrimage periods, which generate concentrated demand
surges at RUH that a monthly calendar feature alone cannot fully capture, represents a near-
term practical extension. The current framework uses a static two-hop graph constructed
from historical route data; periodic graph updates to reflect route network changes—for
example, seasonal schedule revisions—represent a natural extension that could further
improve robustness over longer deployment horizons.
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