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Data-Driven Short-Term Prediction of Trip
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Zahra Eftekhar™, Saman Behrouzi, Panchamy Krishnakumari®, Adam Pel, and Hans van Lint

Abstract—Large-scale prediction of trip production is essential
for origin—destination (OD) demand estimation and prediction.
One of the main challenges in predicting trip production patterns
lies in addressing spatial-temporal correlations and variations.
Whereas many studies focus on temporal correlations, very few
consider spatial adjacency between traffic analysis zones (TAZ)
as explanatory variables. This research proposes a method that
integrates a graph convolutional neural network (GCN) into a
long short-term memory network (LSTM) to do exactly that.
By introducing a nationwide graph that encodes the adjacency
of TAZs, spatial heterogeneity is considered in the prediction
process, and a single prediction model is trained for the entire
network, thereby avoiding the need to train multiple separate
models and potentially reducing overall training overhead, while
increasing the prediction accuracy. Moreover, with this model,
we investigate the effect of spatial scale on spatial uncertainty
and prediction accuracy and analyze prediction errors, residual
patterns, and their associations with socio-spatial features at dif-
ferent spatial scales. The findings of this research have important
implications for improving OD demand prediction models and
provide valuable insights into the role of spatial scale and socio-
spatial features in travel demand prediction.

Index Terms—Trip production, demand prediction, spatial
scale, spatial-temporal pattern, graph convolution, residual anal-
ysis.

I. INTRODUCTION
A. Background

Hort-term travel demand prediction is crucial for effective
S policy adjustments, management, and operations in vari-
ous domains [1], [2]. A critical aspect of demand prediction
is forecasting the number of trips originating from a specific
location, referred to as trip production. Although accurate trip
production prediction is vital for estimating and predicting
origin-destination (OD) demand, it remains a challenging task
due to its complex spatial-temporal dependence and hetero-
geneity [3]. In this paper, “trip production” denotes the number
of outgoing trips from a particular location or zone i.
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Predicting trip production is challenging due to the het-
erogeneity caused by the diverse characteristics of traffic
analysis zones (TAZs) [4]. Spatiotemporal heterogeneity
refers to the variations in the correlations or distributions
of variables across different geographical regions and time
intervals. Spatiotemporal heterogeneity in demand implies that
the effects of land-use properties on travel demand patterns
may not be consistent across different areas or periods. This
heterogeneity within one TAZ and across TAZs originates
from a range of factors, including diverse urbanization levels,
population demographics and lifestyles, economic activities,
transportation accessibility, and resource distribution across
areas [5]. When a single TAZ encompasses a mixture of
(diverse) characteristics, it can lead to spatial heterogeneity
in trip production, introducing uncertainty in predicting trip
production patterns. For example, trip production in certain
parts of a TAZ may peak in the afternoon, while in others, it
may peak in the morning, and in some cases, it may follow a
completely different pattern [6]. Considering these challenges,
this paper aims to develop data-driven prediction models that
explicitly account for spatial-temporal heterogeneity, investi-
gate the effect of spatial scale on prediction accuracy, and
examine the association between prediction errors, residual
patterns, and socio-spatial features at different spatial scales.
Understanding these relationships can significantly enhance
the quality of trip production predictions and contribute
to more effective urban planning and transportation policy
decisions.

In the temporal dimension of demand data, various patterns,
such as periodicity, linear and non-linear trends, and holiday
effects, can be observed, significantly impacting the quality of
predictions. This temporal variability is particularly substantial
in urban areas, where morning and afternoon peaks contribute
to nearly 50% of daily travel production [7]. This variability
not only exacerbates the spatial heterogeneity described earlier
but also has its own effects. The coarser one discretizes the
periods over which production is predicted, the larger the
prediction errors may be, depending on both this temporal
variability and the chosen period boundaries.

Numerous researchers highlight that neglecting this com-
bined spatiotemporal heterogeneity results in higher prediction
errors and that addressing spatial-temporal heterogeneity is
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essential for understanding and predicting travel production
(e.g., [8], [9], [10D).

Our literature review reveals a lack of data-driven models
that consider these factors. Consequently, to inspire potential
approaches, we first provide a brief overview of data-driven
prediction methods applied to traffic data (speed and flow) to
address these challenges.

B. Related Work

Various studies have investigated the temporal correlation of
traffic data using diverse methods tailored to different applica-
tion scenarios. Traffic forecasting approaches can be broadly
divided into two categories: traditional statistical methods and
deep-learning-based methods.

Traditional statistical methods include linear regression
models [11], Kalman filtering [12], autoregressive integrated
moving average (ARIMA) [13], K-nearest neighbor (KNN)
[14], least squares support vector machines (LS-SVMs) [15],
particle filter [16], hidden Markov model [17], and Gaussian
process [18]. These methods often rely on strict mathematical
deductions and well-defined physical meanings, limiting their
applicability to less complex traffic conditions and/or smaller
traffic data sets. Furthermore, most traditional methods assume
linearity (in their parameters) and consider stationary underly-
ing processes generating the data, making them less suitable
for non-linear dynamics and non-recurrent situations that are
characteristic of traffic demand dynamics.

Deep-learning-based methods, the second category, include
convolutional neural networks (CNNs) and recurrent neural
networks (RNNs). CNNs, along with their deeper architecture
(e.g. ResNet [19]), are typically employed for spatial structure
learning, while RNNs (e.g., LSTM [20] and gated recurrent
unit (GRU) [21]) are widely used for temporal and sequential
learning. For instance, ST-ResNet [22] employs a residual net-
work for spatial correlation learning and LSTM for modeling
time-series data. However, ST-ResNet and subsequent works
[22], [23], [24] mainly focus on “coarse-level” citywide traffic
flow estimation using taxi or bicycle data.

Deep-learning-based methods often require large datasets
and high computational capacity due to the large number
of parameters that need to be trained. Moreover, for large-
scale trip production, separate models must be trained for
each spatial area, necessitating extensive computation time
and resources. When developing transportation models, it is
essential to find a balance between the complexity of the model
and the available computing resources [25]. This is crucial
because model acceptability often depends on computation
time, which must be minimized without compromising accu-
racy. Additionally, most non-parametric methods mentioned
above focus solely on temporal correlations without reflecting
spatial heterogeneity.

Recent advancements in traffic prediction models have
utilized deep learning techniques to capture spatial-temporal
dependencies. For example, Li et al. [26] proposed a Graph
WaveNet model for traffic forecasting, which integrates graph
convolutional networks with temporal convolutional networks.
Similarly, Guo et al. [27] developed an attention-based
spatial-temporal graph convolutional network (ASTGCN) for
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traffic flow prediction. These studies highlight the ongo-
ing development of models that effectively capture complex
spatial-temporal relationships.

Starting with travel demand prediction, the comparison
study of [28] on short-term traffic demand prediction methods
reveals no singularly superior model across several time-series
models, machine learning models, and three deep learning
models across multiple datasets. On the whole, statistical
approaches were less effective, in contrast, machine learn-
ing techniques and LSTM-based neural networks exhibited
enhanced outcomes as measured by the SMAPE metric. Meth-
ods employing LSTM with one-hot encoding and LSTM with
embedding techniques achieved commendable performance
regarding RMSE. Generally, the LSTM-Neural Network
model surpassed alternative models in comparative analyses
over diverse geographical units.

In another demand prediction study, hierarchical reconcilia-
tion approaches have been explored to enhance deep-learning
methods, as demonstrated by [29], who emphasized the
necessity of incorporating error analysis to maintain forecast
accuracy within a feasible solution space, underscoring the
flexibility and applicability of these methods across various
scenarios of area-based traffic demand prediction.

In the domain of traffic flow prediction, the spatial-temporal
convolutional model introduced by [30] stands out for its appli-
cation on urban crowd density prediction using mobile-phone
signaling data, demonstrating the potential of deep learning
models to handle irregular-shaped divisions and capture the
intricate spatial and temporal dependencies inherent in traffic
prediction tasks. This approach aligns with the findings of
[31], who utilized deep learning to predict daily usage of Bike
Sharing Systems (BSS), indicating a shift towards data-driven
models that leverage deep learning for enhanced predictive
capabilities.

Furthermore, the research by [32] into urban rail transit
(URT) underscores the impact of spatial features on prediction
accuracy, presenting a deep learning-based passenger flow
prediction method that incorporates spatial characteristics such
as land use, regional location, and intermodal access. This
methodological shift towards acknowledging the role of spatial
features in prediction models offers a nuanced understanding
of travel behavior and demand, facilitating more accurate
forecasts.

DeepSTCL, a deep spatio-temporal ConvLSTM framework
for travel demand prediction developed by [33], represents
another stride forward, treating historical travel data akin to
a video stream to predict future demand. This innovative
approach underscores the potential of deep learning in tapping
into spatio-temporal features for travel demand forecasting,
achieving high accuracy and efficiency. In conclusion, the
integration of deep learning into travel demand and traffic
flow prediction models has facilitated a deeper understand-
ing of complex spatial and temporal dynamics, significantly
enhancing predictive accuracy.

Recently, researchers have explored graph-theoretic
approaches to model traffic data collected from road sensors.
The spatial correlations between traffic sensors are structured
as a directed graph, with nodes representing sensors and edge
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weights indicating proximity between sensor pairs measured
by road network distance. Given that sensor networks are
naturally organized as graphs, recent advances in graph neural
networks [34], particularly graph convolution networks [35],
have inspired several graph-based traffic prediction models
[24], [27], [36], [37], [38]. For example, [39], [40] propose a
method integrating graph convolutional neural network (GCN)
into the LSTM, addressing both spatiotemporal dependencies
and heterogeneity.

The study by [41] presents an interesting short-term traffic
flow prediction approach. This research acknowledges that
most prediction models face limitations in predicting local
variation patterns and handling dynamic traffic due to their
reliance on training data. To address this issue, they propose a
two-step approach that combines a baseline model constructed
from historical data with a time-varying Vasicek (EV) model
better to capture real-time variations in traffic flow during each
day. What makes this study particularly interesting is its use
of residuals, which are the differences between actual and
predicted values, as a feature to improve traffic flow prediction.
While the study does not explicitly identify and evaluate the
patterns of residuals, its objective is to enhance prediction per-
formance by considering daily uncertainty impacts by applying
the EV model. This approach hints that evaluating prediction
residuals can provide valuable insights into prediction errors
and the factors that trigger them.

Several recent studies have proposed novel models that
integrate spatial adjacency into traffic prediction. For example,
Zhao et al. [42] proposed the Temporal Graph Convolutional
Network (T-GCN), which combines GCN and gated recurrent
units (GRU) for traffic forecasting. Similarly, Yu et al. [36]
introduced a spatio-temporal graph convolutional network
(STGCN) for traffic forecasting. These models demonstrate the
effectiveness of incorporating spatial adjacency and temporal
dynamics.

Beyond T-GCN [42] and STGCN [36], other approaches
have introduced more complex frameworks to improve GCN-
based traffic prediction. These include models that leverage
dynamic graphs to capture evolving network topologies,
transformer-based GCN architectures that integrate attention
mechanisms, and hierarchical GCNs (HGCNs) that exploit
spectral clustering of regions. Such methods can potentially
capture evolving spatial-temporal dependencies and multi-
level spatial structures, leading to further enhancements in
prediction performance [43], [44], [45]. Our work builds upon
this foundation by integrating GCN with LSTM to capture
spatial-temporal correlations in trip production prediction.
Building upon the above body of work, we next outline our
own GCN-augmented approach.

Inspired by the studies discussed, we propose using the
LSTM approach as our benchmark model. To account for the
spatial adjacency often overlooked in conventional forecasting
methods, we then incorporate a GCN within the LSTM
framework. Adjacency, in the context of TAZs, refers to the
geographical proximity between zones. Two zones are consid-
ered adjacent if they share a boundary or are close enough
to influence each other’s travel patterns. This relationship

is captured through an adjacency matrix, which encodes the
connections among zones.

This deliberate integration aims to evaluate the incremental
improvements in prediction accuracy afforded by considering
the adjacency of zones. The LSTM model establishes a solid
baseline, enabling us to highlight the specific advantages
of integrating spatial characteristics through the GCN. Our
approach does not purport to introduce a novel modeling
technique per se; rather, it illustrates the potential for enhanc-
ing prediction accuracy by integrating spatial adjacency with
established predictive models. By applying this LSTM+GCN
framework to the context of trip production prediction, our
study underscores the significant role of spatial adjacency.
While numerous studies have explored OD matrix prediction
utilizing either spatial or temporal prediction models sepa-
rately, our study advances this by integrating both spatial and
temporal dimensions using a GCN combined with LSTM. This
integration allows the model to simultaneously consider the
spatial adjacency of TAZs and their temporal trip production
characteristics, enhancing the accuracy and reliability of pre-
dictions over traditional models that consider these aspects in
isolation.

C. Research Objectives and Contributions

Drawing on the existing literature on traffic data, this
research delves into the emerging role of graph knowledge
in the context of travel demand prediction. The novelty of
this study lies in combining a single, nation-scale graph
representation with a multi-scale evaluation protocol and a
residual-driven socio-spatial analysis — a combination that, to
the best of our knowledge, has not been reported in the OD-
demand literature. We propose a method that integrates GCN
into the LSTM and aims to achieve three main objectives.
First, we seek to determine the extent to which computation
time and prediction accuracy are impacted by incorporating
the adjacency of traffic analysis zones into the prediction
model. Second, we explore the influence of spatial scale on
spatial uncertainty (associated with spatial heterogeneity), as
this aspect has remained relatively unexplored in the demand
prediction field. We compare the prediction accuracy changes
across multiple administrative spatial scales when using the
same model. Third, we examine prediction errors by iden-
tifying and evaluating dominant patterns of trip production
prediction residuals. Lastly, we pinpoint the most critical
demographic and land-use features of TAZs contributing to
their associated residual clusters and compare them across
different spatial scales.

Our choice to focus on the LSTM model and its integra-
tion with GCN (LSTM+GCN) was deliberate and aimed at
highlighting the specific benefits of considering the adjacency
of zones in forecasting models. The LSTM model served
as a robust benchmark to establish a baseline for predictive
performance. By integrating GCN, we sought to underscore
how spatial characteristics could enhance prediction accuracy
beyond the baseline. This approach was not intended to
claim broad novelty in modeling techniques but rather to
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demonstrate the incremental gains in prediction accuracy that
can be achieved by incorporating spatial adjacency into well-
established models. Therefore, our study contributes to the
field by applying the LSTM+GCN framework to the specific
context of trip production prediction, emphasizing the role of
spatial adjacency.

The integration of GCN with LSTM in a unified frame-
work allows for the simultaneous modeling of both spatial
relationships and temporal dependencies. This dual capability
is particularly advantageous in our context for several reasons.
By capturing the spatial adjacency of TAZs through GCNs
and the temporal trends through LSTMs, the model can make
more informed, context-aware predictions than would be pos-
sible by considering either aspect in isolation. This approach
allows the model to utilize the full spectrum of available
data—spatial configurations and temporal sequences—thereby
maximizing the insights gained from the data and improving
prediction robustness. Incorporating both spatial and temporal
data reflects real-world conditions more accurately, making the
model’s outputs more reliable and applicable for planning and
operational purposes.

Our proposed method offers several key contributions to the
field of travel demand prediction:

1) By employing a nationwide graph to integrate spatial
adjacency into an LSTM-based model, our approach
simultaneously enables large-scale, national-level trip
production predictions and forgoes the need to train
multiple separate models for each region or scale. This
unified framework not only broadens the spatial scope
of demand predictions but also potentially streamlines
computational processes and resource allocation.

2) Our model’s incorporation of spatial adjacency informa-
tion directly addresses the spatial heterogeneity inherent
in TAZs, thereby refining the accuracy of trip production
forecasts.

3) Through a nuanced examination of how spatial scale
influences the predictability and uncertainty of trip pro-
duction, our study sheds light on crucial considerations
for transport modelers and policymakers, particularly
regarding the implications of spatial resolution on
demand forecasts.

4) Our analysis extends beyond mere prediction errors
to systematically dissect and interpret the prevailing
patterns in trip production prediction residuals. By
identifying the demographic and land-use characteris-
tics most instrumental in shaping these patterns across
various TAZs, our research deepens the collective under-
standing of trip production variability. Such insights
pave the way for the formulation of more precise and
robust demand prediction models tailored to different
spatial scales.

Beyond the methodological innovation, this paper signif-
icantly contributes to the analysis of prediction results at
multiple spatial scales, examining the association between
prediction accuracy (residual patterns) and the types of built
environment variables. This research advances travel demand
models by systematically integrating socio-spatial characteris-
tics, such as land use, points of interest, and demographics,
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identified as key influencers of travel demand across vari-
ous scales. This allows for the creation of more effective
models, tailored to the actual needs of society. By refining
models to consider these nuanced socio-spatial dynamics, we
enhance their predictive accuracy and applicability, supporting
the development of responsive and equitable transportation
systems. This approach not only improves model accuracy
but also ensures transport planning and policies are based on
a comprehensive understanding of the factors driving travel
demand, leading to more targeted and effective transport
planning and policy-making.

In this study, we use processed aggregated derivatives of
GSM traces in the form of motor-vehicles OD matrices of the
Netherlands in March 2017. This implies the scope of this
work pertains to motor-vehicle trip production patterns.

The remainder of this paper is structured as follows: Sec-
tion I delineates the research data and the methodology
employed. Section III presents and discusses the developed trip
production prediction models, elucidates the impact of spatial
scale on spatial uncertainty and prediction accuracy, investi-
gates prediction errors and residual patterns, and identifies the
most pertinent socio-spatial features contributing to residual
patterns across various spatial scales. Finally, Section IV
offers a conclusion, summarizing the key findings and their
implications.

II. METHODOLOGY
A. Trip Production and Socio-Spatial Data

This study utilizes hourly trip production data for the
entire Netherlands during March 2017. The data is aggregated
over three spatial scales: provinces, municipalities, and 4-
digit postal code zones, resulting in 12, 390, and 1243 Traffic
Analysis Zones (TAZs) throughout the Netherlands.

Trip production for TAZ i refers to the number of inter-
zonal motor-vehicle trips originating from i. Trip production
values are derived from the GSM traces of Dutch telecom-
munications company Vodafone, which holds a market share
of approximately one-third of the Dutch population. Due to
privacy concerns related to raw mobile phone data, another
company processed the data. As a result, this study utilizes
origin-destination (OD) matrices of motor vehicles based on
TAZs in the Netherlands rather than mobile phone traces.
These OD matrices have been scaled up to account for the
entire Dutch population. For more details on the scaling
procedure, refer to [46]. All hours—including those coinciding
with national holidays or local events that yield atypically high
volumes—were retained; no extra temporal filtering, capping,
or imputation was applied, as our objective was to evaluate
the models under full real-world variability.

These OD matrices are pre-processed and reshaped to derive
a vector of hourly trip production values per TAZ for each of
the three spatial scales studied here in this paper. The dataset
contains over 365 million produced trips. Figure 1 displays
the total monthly trip production per TAZ for the three spatial
scales under study.

It is important to note that the trip production data is
derived from GSM traces of Vodafone users, representing
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Fig. 1. Total monthly trip production per TAZ for the three studied spatial scales.

approximately one-third of the Dutch population. While this
provides substantial coverage, there is a potential risk of
user selection bias or over-representation of travel patterns
from specific demographic groups. The data may not fully
capture the travel behavior of non-Vodafone users or certain
socioeconomic segments, such as elderly populations or indi-
viduals with limited access to mobile phones. This limitation
is acknowledged, and the results should be interpreted with
consideration of this potential bias.

The Central Bureau of Statistics (CBS) of the Nether-
lands provided socio-spatial data containing approximately
140 demographic and land-use variables for each TAZ [47] at
each of the three aforementioned spatial scales. CBS collects,
edits, and publishes national statistics based on registers,
surveys, and interviews. The variables used in our analysis
correspond to data from 2017, aligning with the trip production
data.

B. Prediction of Trip Production With LSTM

The trip production data exhibit strong seasonality effects
and dynamic trends within recent time frames. Unlike a regular
RNN, which struggles to establish long-term dependencies, the
LSTM overcomes the vanishing gradient problem, enabling it
to capture both short- and long-term temporal patterns in a
time series. Consequently, we employ an LSTM to investigate
the periodic (i.e., daily) dependencies and recent dynamic
trends in trip production. We refer readers to [20] for more
details on the LSTM architecture. Figure 2 illustrates the
experimental framework for predicting trip production using
LSTM. The model takes as input the time series signals X; g
representing the trip production data for each TAZ i within the
spatial scale s. The data are then fed into the LSTM network,
which consists of multiple hidden layers. Each LSTM layer is
composed of three gates: input, forget, and output gates. The
gates function as follows:
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Fig. 2. Experimental framework for the trip production using LSTM.

e Input Gate: Determines which input information is
allowed into the memory cell.

e Forget Gate: Controls which historical data should be
retained in memory.

e Output Gate: Produces the final output of the memory
cell and contributes a portion of the input information for
the subsequent cell.

The LSTM network learns the temporal patterns in trip
production data, capturing both short-term and long-term
dependencies through these gate mechanisms. The output of
the LSTM layer is passed to a fully connected layer, which
predicts future trip production values based on the learned
temporal features. In this framework, the trip production signal
X;s is normalized to ensure comparability across different
spatial scales and TAZs, allowing the model to generalize
better across regions.

C. Prediction of Trip Production With LSTM+GCN

Considering spatial correlation and heterogeneity between
TAZs potentially improves trip production models. To address
this, we integrate a Graph Convolutional Network (GCN) into
the LSTM. We refer readers to [39] and [48] for more details.
A GCN is a spatial feature extraction model applicable to
any topological structure graph. To compute the GCN at time
t for an M-feature matrix X, € R¥*M we first generate an
undirected graph G = (Z, E, A), where the nodes Z represent
the TAZs, and |Z| equals the number of TAZs, N, in each
spatial scale.

Considering spatial correlation and heterogeneity between
TAZs potentially improves trip production models. To address
this, we integrate a Graph Convolutional Network (GCN) into
the LSTM. We refer readers to [39] and [48] for more details.
A GCN is a spatial feature extraction model applicable to
any topological structure graph. To compute the GCN at time
t for an M-feature matrix X, € RV*M, we first generate an
undirected graph G = (Z, E, A), where the nodes Z represent
the TAZs, and |Z| equals the number of TAZs, N, in each
spatial scale.
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Fig. 3. Experimental framework for the trip production using GCN+LSTM.

Nodes (Z): Each node represents a TAZ at a specific spatial
scale. The total number of nodes |Z| = N corresponds to the
number of TAZs at that scale.

Edges (E): The edges represent the connections between
neighboring TAZs. Two TAZs are considered neighbors if they
share a common boundary. We use shapefiles of administrative
boundaries and a spatial join operation to determine the
neighbors.

The adjacency matrix A € RM*V encodes the spatial
relationships between TAZs, with A;; defined as:

1 if TAZs iand jare adjacent

A= (i.e., share a common boundary), (1)

0 otherwise.

The GCN layer operates on the graph structure defined by
the adjacency matrix A, aggregating information from neigh-
boring TAZs to learn spatial features. The graph convolution
operation is defined as:

H = oc(AXW), 2

where A = D™Y2(A + I)D™'/? is the normalized adjacency
matrix with added self-connections, D is the degree matrix of
A+1, I is the identity matrix, X is the input feature matrix (trip
production data), W is a learnable weight matrix, and o is an
activation function such as ReLU. This operation allows each
TAZ to aggregate information from its neighbors, effectively
capturing spatial dependencies.

Figure 3 provides a detailed schematic diagram of the
proposed model framework, illustrating the integration of
GCN and LSTM layers for capturing spatial and temporal
correlations.

We use the graph convolution operation to extract spatial
features of the mobility network and the LSTM to extract
temporal features of the signal. The LSTM input consists of
the convolutional graph features concatenated with the original
signals. In other words, for each spatial scale, the graph signals
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Fig. 4. Trip production values among provinces during March 2017.

X, s at time ¢, along with the adjacency matrix Ag, are used to
compute the spatial features H, .

As depicted in Figure 3, the spatial features H,; obtained
from the GCN layer are concatenated with the original graph
signals X, to form the input XSV for the LSTM layer.
This concatenation ensures that both the spatial information
from neighboring TAZs and the temporal information from
the original signals are jointly utilized by the LSTM to make
predictions. Therefore, the input to the LSTM layer is:

XON = [X,.4; Hy s,

where [-; -] denotes concatenation along the feature dimension.

Lastly, the LSTM output serves as the input for a fully
connected layer that predicts the signal for the desired time.
The process can be summarized as follows:

e Spatial Feature Extraction: Apply the GCN Ilayer to
learn spatial features (H,,) from the graph signals (X )
and adjacency matrix (Aj).

e Temporal Feature Extraction: Concatenate the spatial
features (H;;) with the original graph signals (X;;) to
form the input (XZCV) for the LSTM layer.

e Trip Production Prediction: Use the LSTM layer to
predict future trip production values.

For further details on the architecture and implementation
of our model, including the code and data used, we have
published our code repository and dataset. The code repository
can be found at [49], and the dataset is available at [50].

Thus, for each spatial scale, the graph signals (X, ) at time
(#) are concatenated with the spatial features (H, ;) to form the
input for the LSTM (XEYCN ). The LSTM output then serves as
the input for a fully connected layer that predicts the signal
for the desired time.

D. Experimental Design

We initially normalize the values for each TAZ to enable a
fast and stable pattern comparison across various TAZs. For
instance, Figure 4 shows the 2-D histogram of trip production
for all the provinces in the Netherlands. As shown, the value

TABLE I

LSTM AND GCN+LSTM HYPERPARAMETERS

LSTM GCN+LSTM
GC layers na 2
GC layers sizes na 16, 10
GC activations na relu
GC dropout na 0.5
GC optimizer na Adam
GC learning rate na 0.01
GC weight decay na Se-4
LSTM layers 3 3
LSTM layers sizes 128, 256, 128 128, 256, 128
LSTM activations relu relu
LSTM dropout 0.2 0.2
LSTM optimizer Adam Adam
LSTM learning rate 0.001 0.001
Fully Connected Layer | Linear Linear
Batch size 128 128
Number of epochs 100 100
Early stopping patience | 10 epochs 10 epochs
Loss function MSE MSE

ranges for different TAZs vary significantly. We can focus
more on recognizing the patterns by normalizing the values
in each TAZ. We later reverse the values back to their original
range to evaluate prediction accuracy. We applied the Min-
Max Scaling technique to normalize each production value x,
ie.,

Xnormalized = M 3)

Xmax — Xmin

where Xuopmaiized 1S the normalized value, x,; and Xx,., are
the minimum and maximum production values in the (month-
long) time series for that particular TAZ. Consequently, the
resulting normalized values range between 0 and 1. We then
use the two proposed methods, LSTM and LSTM+GCN, to
predict trip productions in each spatial scale. Table I provides
a summary of the model parameters and hyperparameters used
in this study.

We employ two evaluation metrics at each prediction step
to assess our model’s performance: Mean Square Error (MSE)
and Mean Absolute Percentage Error (MAPE). Moreover, we
compare the accuracy of the two proposed models across the
studied spatial scales using the same metrics. Furthermore,
we report the computation time for each model to compare
the required computation capacity.

In our analysis, the selection of Mean Squared Error (MSE)
and Mean Absolute Percentage Error (MAPE) as pivotal
metrics was guided by their respective abilities to elucidate
distinct aspects of prediction. By harnessing both MSE and
MAPE, our study captures a holistic view of the prediction
models’ performance—highlighting not just the magnitude
of prediction errors but also their proportional significance
relative to actual trip patterns.

MSE was chosen for its capacity to underscore and amplify
the impact of larger errors in prediction. By squaring the
differences between the predicted and the actual values, MSE
penalizes more significant errors, thus sensitizing us to models
that may be prone to occasional but substantial inaccuracies.
This metric is especially critical in the prediction of trip
production, where outsized errors can denote critical lapses
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Fig. 5. An example heatmap of trip production residual of a random TAZ.

in predicting peak travel demands, a vital consideration for
transportation system planning and management.

MAPE, on the other hand, offers a normative perspective
by expressing prediction errors as a percentage of the actual
values. This normalization allows for a more intuitive com-
prehension of the model’s accuracy, independent of the scale
of the data. MAPE’s percentage-based nature renders it par-
ticularly insightful for comparative analyses across regions or
time periods with varying levels of trip production. It enables
us to discern the relative predictive accuracy in a manner that
is agnostic to the actual trip production magnitude, thereby
facilitating equitable benchmarking across diverse scenarios.
Please note that MSE is also used as the training loss function
for both models. MAPE is not a training loss but an evaluation
metric used to compare final prediction performance.

We conducted manual hyperparameter tuning to determine
the optimal configurations for the GCN and LSTM models.
This involved testing various combinations of the number
of layers (1 to 3), hidden units (64, 128, 256), learning
rates (0.001, 0.005, 0.01), and dropout rates (0.2, 0.5). While
an exhaustive search was not possible due to computational
limitations, we selected the configurations that yielded the best
validation performance, balancing model complexity and accu-
racy. Table I displays the settings we used for the implemented
models in this study.

The experiments were conducted on a workstation with
an Intel Core i7-9700K CPU @ 3.60GHz, 32 GB RAM,
and an NVIDIA GeForce RTX 2080 Ti GPU. The models
were implemented using Python 3.8 and PyTorch 1.7.1. All
computations were performed locally, and the specifications
are provided to ensure transparency and reproducibility.

E. Residual Analysis

To investigate prediction errors, we analyze the residual
heatmap of hourly trip production prediction per Traffic
Analysis Zone (TAZ). First, we predict trip production and
compute the residual as the absolute difference between the
predicted and actual values. To concentrate on discerning
patterns, we normalize the residuals per TAZ using Min-Max
Scaling. Consequently, each zone has a heatmap of normalized
residual values, with each cell ranging between 0 and 1. Each
heatmap’s horizontal and vertical axes represent the days of
the prediction horizon and the hours of the day, respectively.
As an example, Figure 5 shows the heatmap of trip production
residual for a randomly selected TAZ. This representation
enables us to observe the temporal patterns of residuals within
a day (by comparing across columns) and between days (by
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comparing across rows). The heatmaps for each under-study
spatial scale serve as the foundation for subsequent analyses.
To identify patterns of residuals, we cluster heatmaps of
TAZs per spatial scale based on temporal similarity using K-
means clustering. Owing to its straightforward application and
interpretability, which is crucial in exploratory analyses for
generating clear, understandable results, the K-means cluster-
ing method is a widely employed algorithm for clustering
analysis [51], [52], [53], [54], [55]. The method aims to
partition the N-dimensional dataset of M points (heatmaps)
into K clusters, minimizing the sum of the pairwise Euclidean
distance between the points in each cluster [56].

To identify patterns of residuals, we employed K-means
clustering due to its simplicity, efficiency, and interpretability,
which are crucial for exploratory analyses. K-means is a
widely used algorithm that partitions the data into K clusters
by minimizing the within-cluster sum of squares [57]. While
other clustering methods such as hierarchical clustering or
DBSCAN could be considered, K-means provides a straight-
forward approach that aligns well with the objectives of our
study. Exploring other clustering methods is an avenue for
future research.

The clustering process comprises two primary steps:

e Assignment: Assigning each point to its closest centroid,
mathematically referring to the partitioning of the points
to the Voronoi diagram [58] generated by the centroids.

o Update: Updating each cluster center to be the average
of all points contained within them.

As the K-means method requires exogenous determination of
the number of clusters, we must justify our choice. Since we
cannot a priori determine the number of existing patterns, this
is an unsupervised learning problem without “true labels” or
ground truth. Therefore, the optimal number of clusters is
determined by assessing the (dis)similarity within and between
clusters for various values of K. We use the Silhouette index
[59] to measure the goodness of clustering.

The Silhouette index ranges between —1 and 1, where high
values indicate a well-matched point to its own cluster and
poorly matched to neighboring clusters. If many points have
negative values, the number of clusters should be adjusted. The
optimal number of clusters is determined using the Silhouette
Elbow method, which identifies the point at which the rate of
improvement in the Silhouette index slows down.

However, the K-means method is inherently linear [60]
and unsuitable for complex non-linear data distributions. To
account for data non-linearity, we use a deep convolutional
neural network (DCNN) for feature extraction. The DCNN
transforms input heatmaps into feature vectors, which are more
easily separable by a linear clustering algorithm [61] than the
original heatmap.

The state-of-the-art InceptionV3 based on transfer learning
is employed as the DCNN in this research. The InceptionV3
architecture is specifically designed to improve adaptability to
different scales and prevent overfitting [62]. Transfer learning
allows us to transfer pre-trained model parameters to our
new model, thereby accelerating its training [63]. Utilizing
a DCNN trained on a large dataset, such as ImageNet,
enables the extraction of generic features applicable to other
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images, such as heatmaps, without the need for training from
scratch. Furthermore, the pre-trained DCNN weights enhance
the accuracy of specific tasks, such as pattern recognition,
when the available training data is limited [64]. In this study,
we extract feature vectors from the demand heatmaps using
the InceptionV3 deep neural network pre-trained on the Ima-
geNet dataset, which contains millions of images for object
recognition and image classification [65]. The compatibility
of K-means with the linearly separable data produced by
this feature extraction method, further justifies its use, as
it balances the analytical approach by complementing the
complexity of DCNN.

We use the Inception V3 architecture, pre-trained on Ima-
geNet, to extract latent feature vectors from these residual
heatmaps. By passing the residual matrix through the Inception
V3 network, we obtain a latent representation—a vector—that
preserves the essential information contained in the original
matrix form. While this latent vector is not fully interpretable
in terms of direct physical meaning, it provides a lower-
dimensional feature space in which the residual patterns are
more easily separable. This transformation allows us to apply
K-means clustering to identify dominant temporal residual
patterns more effectively than if we clustered the raw matrices
directly.

Ultimately, this step transforms residual heat maps into
feature vectors clustered based on temporal similarity. This
process yields K clusters with distinct temporal residual pat-
terns and determines the number of such clusters or patterns.

F. Association of Residual Patterns With Socio-Spatial
Variables

In the final step, we analyze the degree to which the K
clusters per spatial scale are associated with demographic and
land-use variables. We assess the extent to which the socio-
spatial characteristics of a TAZ can predict the cluster of
temporal residual patterns it belongs to. We compare the dis-
tribution of various points of interest (POI) and demographics
(derived from CBS) within the clusters to relate the resulting
clusters (i.e., temporal residual patterns) to land use and socio-
economic characteristics. Assuming a non-linear relationship,
we propose a tree-based ensemble machine learning method,
eXtreme Gradient Boosting (XGBoost) Ensemble, to model
the relationship between land-use features and clusters. The
regularization term in the loss function allows for achieving
the lowest complexity with the highest accuracy.

To identify the most important socio-spatial features con-
tributing to residual patterns (i.e., clusters), we use the “gain”
metric. In XGBoost, the gain metric represents the improve-
ment in accuracy brought by a feature to the branches it is
on. Essentially, it measures the importance of a feature in the
model by calculating how much the feature contributes to the
overall performance of the model. For more details on the
XGBoost algorithm used in this study, we refer readers to
Appendices A and B and [66].

III. RESULTS AND DISCUSSION

In this section, we first present an initial exploration of trip
production data and the predictions generated by the LSTM
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Fig. 6. Correlation of trip production between TAZs under different spatial
scales.

and LSTM+GCN models. In the second part of this section,
we analyze the prediction results of the LSTM+GCN model
in more detail. Here, we aim to identify residual patterns at
each spatial scale and associate them with the socio-spatial
features of each TAZ within the respective spatial scale.

A. Initial Exploration and Predictions: LSTM Vs.
LSTM+GCN Models

In order to investigate whether adjacent zones have similar
trip production patterns, a correlation matrix is presented
in Figure 6. Specifically, the matrix examines the correla-
tion between several municipalities (Figure 6a) and several
4-digit postal code zones (Figure 6b). Each cell in the matrix
contains a value of either 1 or 0, indicating whether the two
associated zones are adjacent or not. Despite the observation
that lower correlated TAZs are primarily non-adjacent, the data
indicates no significant linear correlation between adjacent
zones, as evidenced by the accompanying figures. However, a
conditional non-linear correlation may exist between adjacent
TAZs, which the linear correlation matrix fails to capture.
To overcome this limitation, non-linear models, such as deep
neural networks, are employed in this study to model complex
behaviors that may exist between adjacent zones.
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Fig. 7. The worst predictions of trip production based on the lowest MAPEs
in the network among the three spatial scales using LSTM (on the left side)
and their associated prediction using LSTM+GCN (on the right side).

In our modeling process, the first step was to pre-process
the data to conform to the required format for further analysis.
This step acquired a normalized trip production vector for
each TAZ within one of the three studied spatial scales.
We then applied the LSTM and LSTM+GCN models and
evaluated the LSTM model’s predictions based on its MAPE
evaluation metric. Figure 7 presents the worst TAZs in the
three spatial scales under study, along with the LSTM+GCN
model’s predictions for those TAZs. Including adjacency data
in the LSTM+GCN model seems to improve the accuracy
of predictions, particularly for TAZs where the LSTM model
struggled to capture peak trip production values. LSTM seems
to produce higher errors in predicting regular peaks, especially
at the municipality spatial scale, and might need larger train-
ing/validation dataset. LSTM+GCN, on the other hand, seems
to perform more accurately in predicting the daily peaks with
the same amount of training data.

Although we observe improvements in the LSTM+GCN
model’s accuracy, the latent factors contributing to these
results are not immediately apparent. Further research into
these models and the properties of each TAZ in the network
is necessary to gain insights into these factors. To comprehen-
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sively evaluate the results of our two models, we examined the
distribution of the two evaluation metrics across the under-
study scales, as shown in Figures 10 and 11. These figures
indicate that the LSTM+GCN model’s average MAPE and
MSE of predictions are lower than those of the LSTM model
across all three scales under study.

Table II presents the summary of prediction metrics of
MAPE and MSE across different spatial scales using LSTM
and LSTM+GCN model. The empirical results presented
in this table engender a thought-provoking dialogue about
the expected trends in predictive performance across varying
spatial resolutions. In an intuitive sense, the forecast accuracy
is anticipated to deteriorate with the increase in spatial granu-
larity due to the amplified noise and intrinsic variability within
the travel patterns. However, the LSTM model’s performance
metrics indicate an anomalously higher error for the munici-
pality scale compared to the 4-digit postal code zones. This
inversion of expected error magnitude necessitates a closer
examination of underlying dynamics.

One plausible explanation for this counterintuitive finding
could be the heterogeneity of socio-spatial characteristics
within municipalities. The larger standard deviation in MAPE
and MSE at the municipality level suggests a wider variability
in prediction performance, which could stem from diverse
commuting behaviors, land-use configurations, and trans-
portation network complexities within these larger regions.
Municipalities often encapsulate a mix of urban, suburban,
and possibly rural settings, each with distinct travel demand

Authorized licensed use limited to: TU Delft Library. Downloaded on October 15,2025 at 10:50:38 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

EFTEKHAR et al.: ROLE OF SPATIAL FEATURES AND ADJACENCY IN DATA-DRIVEN SHORT-TERM PREDICTION

11

TABLE I

SUMMARY OF PREDICTION METRICS ACROSS DIFFERENT SPATIAL SCALES USING LSTM AND LSTM+GCN MODELS, WITH MAPE EXPRESSED
IN PERCENTAGE UNITS. THIS TABLE CONTRASTS OUR BASELINE LSTM WITH THE PROPOSED LSTM+GCN. ACROSS ALL THREE SPATIAL
RESOLUTIONS THE HYBRID MODEL REDUCES MAPE BY 47-99 % AND CUTS MSE BY 38-74 %, CONFIRMING ITS
SUPERIOR PREDICTIVE POWER

Model Metric  Province (Avg + Std)  Municipality (Avg + Std)  4-digit Zones (Avg + Std)
LSTM MAPE  23.0% + 3.4% 2.6e+14% + 5.2e+15% 1.3e+14% + 3.5e+15%
MSE 2.4e+08 + 3.6e+08 5.5e+05 + 3.5e+06 5.4e+04 + 3.7e+05
LSTM+GCN MAPE  12.0% * 1.9% 8.7e+11% * 1.7e+13% 1.6e+13% + 5.6e+14%
MSE 5.0e+07 + 6.7e+07 1.4e+05 + 1.4e+06 1.5e+04 + 9.2e+04
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Fig. 10. MAPE for actual versus predicted trip production values per TAZ for
each of the three spatial scales, using LSTM (left) and LSTM+GCN (right)
model.

patterns that could potentially confound the LSTM model,
which does not explicitly account for spatial adjacency.
Conversely, the LSTM+GCN model, which integrates spa-
tial adjacency into its predictive framework, exhibits a
substantial improvement in MAPE for municipalities, although
the MSE remains higher than that for the 4-digit zones. The
improved MAPE implies that when spatial relationships are
considered, the model becomes more adept at capturing the
proportionate variances in trip production, especially in the
context of municipalities where spatial adjacency plays a sig-
nificant role. The persistence of higher MSE, despite a lower

codes. postal codes.

Fig. 11. MSE for actual versus predicted trip production values per TAZ for
each of the three spatial scales, using LSTM (left) and LSTM+GCN (right)
model.

MAPE, might suggest that while the model is generally accu-
rate, it is occasionally susceptible to larger errors—potentially
from extreme values or outliers that are more pronounced in
municipal data.

These results underscore the merit of integrating spatial
adjacency to enhance predictive accuracy, especially where
the spatial structure itself may be a pivotal determinant of
travel patterns. The LSTM+GCN model’s ability to leverage
such spatial correlations ostensibly attenuates the prediction
difficulty at higher spatial scales. Nonetheless, the nuanced
nature of trip production across different spatial scales reaf-
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firms the necessity for tailored-modeling approaches that can
accommodate the unique features of each granularity level.

As we move from the province scale to lower levels of
abstraction, the prediction accuracy declines, as indicated by
increasing MAPE values. This trend suggests that prediction
accuracy is lower at lower levels of abstraction. Nonetheless, it
appears that accuracy improves at higher levels of abstraction,
despite the increase in spatial uncertainty. This outcome may
be because the aggregation of trip production patterns makes
them more regular and hence more predictable. The worst
predictions for both models are presented in Figure 7 and
support our observation that the LSTM+GCN model predicts
peak trip production values more accurately than the LSTM
model. Furthermore, the worst predictions demonstrate that
trip production at the province scale is more accurately pre-
dicted than at higher resolution scales. This outcome may be
due to pattern aggregation and resolution lowering.

Our study’s results indicate that incorporating adjacency
data into the LSTM+GCN model enhances the accuracy of
extreme value predictions while also significantly decreasing
computation time. Figure 8 shows that the computation time
distribution for the LSTM model has an average of 40 seconds
per TAZ, with a more extensive interquartile range for 4-digit
postal code zones, suggesting a more diverse range of zones.
The total computation times for the LSTM and LSTM+GCN
models are illustrated in Figure 9. We noticed that the LSTM
model’s run time depends on the number of TAZs in the
network, whereas the LSTM+GCN model’s computation time
does not fluctuate significantly with the number of TAZs.
This is because the LSTM+GCN model is only trained once,
rather than training one model for each TAZ in each spatial
resolution. Therefore, changes in run time under different
spatial scales are not substantial.

Considering an alternative approach, one could estimate
a single LSTM model for all TAZs without incorporating
adjacency data or using the GCN model. This method would
reduce computation time since it would no longer scale with
the number of TAZs. However, the impact on prediction
accuracy might differ between the disaggregate LSTM and
aggregate LSTM+GCN models. Lacking the spatial relation-
ships between TAZs, the single LSTM model might experience
a decrease in prediction accuracy, as it would not capture
the spatial heterogeneity and correlations among TAZs that
influence trip production patterns. Regarding prediction accu-
racy, the single LSTM model without adjacency data would
likely fall between the disaggregate LSTM models, which
can capture the unique characteristics of each TAZ, and
the aggregate LSTM+GCN model, which benefits from the
inclusion of adjacency data to capture spatial relationships
better. Thus, while using a single LSTM model for all TAZs
without incorporating adjacency data offers the advantage
of reduced computation time, it may involve a trade-off in
prediction accuracy compared to the other approaches.

Altogether, our findings imply that incorporating adjacency
data can improve prediction accuracy while decreasing com-
putation time. Consequently, we analyzed and explored the
predictions made using LSTM+GCN for the remainder of our
study.
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It is important to note that our empirical observations
indicate that using a single model trained on the entire network
may be more convenient than training separate models for each
TAZ. However, we have not performed a formal computational
complexity analysis or extensive runtime evaluations, and
thus any conclusions about computation time savings remain
preliminary.

Figures 10 and 11 visualise the dispersion of prediction error
over the demand spectrum. Figure 10 corresponds to the MSE;
Figure 11 to the MAPE. These systematic patterns motivate
the residual-clustering exercise of the next part, in which we
further examine whether such outliers share common socio-
spatial attributes.

B. In-Depth Analysis of LSTM+GCN Prediction Results:
Residual Patterns and Socio-Spatial Features

In Figure 12, we present the trip production and prediction
results for Vlieland, a northern island that is both a municipal-
ity and a 4-digit zone. It is worth noting that Vlieland holds
the highest MAPE among all 4-digit zones and municipalities,
indicating a considerable challenge in accurately forecasting
trip production in this region.

The observed trip production pattern of Vlieland in Fig-
ure 12a is characterized by an irregular profile with an extreme
peak in the first half of the month, followed by scattered
high production in the last days of the month. This erratic
pattern might be attributed to special events associated with
this TAZ. Figure 12b and 12c present the trip production
and prediction at the municipality and 4-digit zone levels,
respectively. Accordingly, the prediction performance of the
models varies across different spatial scales. Although the two
models share similar hyper-parameters, they are trained on
different training sets due to aggregation at a higher level of
abstraction. The municipality-level model seems to capture the
time series with more variation in the values, implying better
predictions of production values influenced by seasonality.
Conversely, the 4-digit model appears to be more biased
towards predicting values closer to the average production line,
hence less sensitive to extreme values in the production but
better at predicting the off-peak values. These observations
suggest the importance of considering the spatial scale in trip
production and prediction analysis, as it can significantly affect
the accuracy of the results.

Figure 13 presents the average hourly trip production and
the prediction residual for various provinces in the Nether-
lands. This figure depicts these two variables, with Figure 13a
showing the average hourly trip production and Figure 13b dis-
playing the average hourly trip production prediction residual.
The figure highlights that provinces such as Noord-Holland,
Zuid-Holland, and Noord-Brabant, characterized by high pop-
ulation density and heavy industrial and commercial areas,
have higher trip production values with high variability. This
variability is shown in the shaded areas between the 10th
and 90th percentile of the values. Figure 13b implies that
residual peaks occur around the peak hours of trip production,
although with somewhat different patterns. For instance, Zuid-
Holland has the highest average hourly trip production during
the afternoon rush hour, while the residual peak happens
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(c) Prediction of trip production for Vlieland at the 4-
digit postal code level.

Fig. 12. Vlieland trip production prediction under two spatial scales through-
out the last working week of March 2017.

during the morning peak, which has the highest variation in
trip production. These observations suggest that the prediction
error is correlated with the variation in trip production, which
holds implications for improving the accuracy of transporta-
tion demand models. However, further research is needed to
explore these correlations and their underlying causes in more
detail.

To investigate the correlation between trip production pre-
diction error and variation in trip production among the 4-digit
zones, Figure 14a plots the Mean Squared Error (MSE) against
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Fig. 13. Average hourly trip production and prediction residual time series
among the provinces in The Netherlands.

variance. The figure reveals a reasonably linear correlation
between the two variables, indicating that the prediction error
is positively correlated with trip production variation. How-
ever, a few outliers with high MSE and relatively low variance
suggest high prediction errors despite low variation in trip
production. Figure 14 highlights these TAZs in red, pointing
to the zones with a high prediction error despite low variation
in trip production. Interestingly, all the islands are among the
outliers.

The robustness of the proposed LSTM+GCN model is cru-
cial given the diversity of urban and rural dynamics in different
regions. Our model was trained and evaluated on regions
with varied geographical and traffic conditions, specifically at
multiple spatial scales including provinces, municipalities, and
4-digit zones. The model consistently demonstrated its ability
to capture spatial-temporal dynamics effectively, achieving
high predictive accuracy across urbanized and rural regions.

Despite the expected variations in traffic patterns between
densely populated urban regions and sparsely populated rural
regions, the model achieved consistent predictive accuracy in
all scenarios. This was particularly notable during rush hour
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Fig. 15. MAPE of trip production prediction vs. the COV of trip production among 4-digit zones in The Netherlands.

periods and off-peak periods, as well as across weekday and
weekend traffic. Leveraging the complementary strengths of
both GCN and LSTM, the model could effectively capture
spatial and temporal correlations even in regions with varied
urban dynamics.

These results highlight the robustness and generalizability
of the LSTM+GCN model, making it suitable for trip produc-
tion prediction across diverse geographical areas and traffic
conditions.

To investigate the relative prediction error, Figure 15a
explores the relationship between Mean Absolute Percentage
Error (MAPE) and Coefficient of Variation (COV) in trip
production among the 4-digit zones. The figure indicates
a positive correlation between MAPE and COV, suggesting
that the prediction error increases with an increase in trip
production variation. However, some outliers with high MAPE
and low COV suggest high prediction errors despite low
variation in trip production. Figure 15 highlights these TAZs
in red. Overall, the results suggest that the prediction of trip
production becomes more challenging in certain zones due to
underlying characteristics.

In this section, we investigate the patterns and characteristics
of trip production residuals. To accomplish this, we generated
a heatmap of trip production residuals for each TAZ. The

heatmap displays the normalized prediction residual of the
associated TAZ for each hour of the day (y-axis) over the
working days of the week (x-axis) as displayed in Figure
5 in the previous section. Each TAZ has its specific day-
to-day and within-day residual patterns. To better understand
the dominant patterns of residuals, we analyzed the heatmaps
of each spatial level separately, i.e., municipality and 4-digit
zones. We employed a DCNN for feature extraction, followed
by the K-means clustering algorithm to identify the dominant
patterns in each spatial scale. We used the Silhouette score
elbow method to determine the optimal number of clusters.
Figures 16a and 16b depict the Silhouette plots at the
municipality and 4-digit zone levels, respectively. Based on
these plots, we found four and five clusters suitable for the
municipality and 4-digit zone levels, respectively.

Figure 17 shows the spatial distribution of identified clusters
for TAZs in the Netherlands at different spatial scales: Munic-
ipality (17a) and 4-digit zone level (17b). At the municipality
scale, clusters 0 and 1 appear to be concentrated on the west
side of the Netherlands, while clusters 2 and 3 are more
prevalent on the eastern side of the country. However, at the
4-digit level, a distinct pattern is not observable by solely
examining the spatial distribution. These findings suggest
that additional underlying factors might contribute to the
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Fig. 16. Silhouette score elbow plots.

formation of production residual clusters and thus warrant
further analysis.

Figures 18 and 19 compare the residual patterns with
the trip production patterns across identified clusters under
the municipality and 4-digit spatial scales, respectively. This
analysis aims to gain insight into the relationship between trip
production and its associated prediction residual. The results
shown in Figure 18 indicate that the most severe within-
day trip production peak occurs commonly between all four
clusters at around 6 p.m. or with a slight difference at around
9 a.m. However, the peak of residual is different among
clusters. Specifically, cluster O displays the highest residual
among all clusters, with the residual peak occurring at 4 p.m.
and with a slight difference at 7 p.m., while the morning peak
occurs at 8 a.m. In cluster 1, residual peak is at 8§ a.m., and
the afternoon peak occurs at 4 p.m. For cluster 2, the morning
and afternoon peaks of the residual are equally severe, and
they happen around 8 a.m. and 4 p.m., respectively. In cluster
3, the prediction residual peak is at 7 p.m., and the morning
peak occurs at 8 a.m.

Overall, the identified clusters seem to relate to the districts
where their prediction residual occurs and the severity of
the morning and afternoon peaks. It is interesting to note
that, unlike the trip production pattern, whose only afternoon
peak occurs at 6 p.m., the residual patterns display a double
afternoon peak at 4 and 7 p.m., i.e., 2 hours before and one
hour after the production peak in the afternoon. However, the
morning peak of residual happens at the same time, around
8 a.m., meaning one hour before the production morning peak.
Cluster 0, with the highest residual average at all hours of
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Fig. 17. Spatial distribution of clusters for TAZs in the Netherlands.

a day, has a double severe afternoon peak, suggesting that
high production results in more irregularities scattered before
(i.e., from two hours before) and after (i.e., to one hour after)
the actual afternoon peak of production. Moreover, morning
activities seem to follow a more strict schedule, as the residual
elevation is scattered in a narrow range (i.e., from one hour
before to the peak hour of trip production) among all four
clusters at this scale. Except for the peak values of residual,
the residual patterns follow the discerned patterns in the trip
production.

Figure 19 illustrates the average hourly residual clusters
at the 4-digit level and compares it with the corresponding
trip production clusters. The analysis reveals that the residual
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Fig. 19. Comparing average hourly trip production and residuals across

identified clusters at the 4-digit postal code scale.

patterns differ from those identified at the municipality scale,
indicating the importance of analyzing them to gain insight
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into the relationship between trip production and its associated
prediction residual at different spatial scales. Specifically, the
study finds that the patterns of trip production across these
clusters are similar to those identified at the municipality
scale, with the morning and afternoon peak of trip production
occurring at around 9 a.m. and 6 p.m., respectively, across all
clusters. However, unlike the municipality scale, the residual
patterns at the 4-digit level exhibit double morning peaks
occurring at 7 am. and 10 a.m., two hours before and one
hour after the morning peak of trip production. Additionally,
the afternoon residual peak is reduced to a single peak at
around 7 p.m., one hour after the afternoon trip production
peak. Further analysis of the five clusters at the 4-digit TAZs
level reveals that the severity of the first and second morning
and afternoon peaks differs between the clusters, with cluster
1 exhibiting the highest afternoon peak and cluster 4 having
the most severe morning peak.

In our analysis, we employed the XGboost algorithm and
used the “gain” metric to assess the importance of demo-
graphic and land-use features associated with the identified
prediction residual clusters. “Gain” is a measure of the relative
contribution of each feature to the model calculated as the
average gain of the feature when it is used in all possible
splits of a tree in the ensemble. The “gain” metric provides
an intuitive measure of feature importance and identifies the
most relevant features associated with the prediction residual
clusters. The higher the gain value of a feature, the more
important it is in predicting the outcome variable and the more
significant its contribution to the model identifying its residual
pattern.

This section presents the results of an importance analysis
conducted using the “gain” metric in the XGboost algorithm
to identify the most relevant demographic and land-use fea-
tures that distinguish residual patterns in two spatial scales,
municipality, and 4-digit. Box plots of the feature importance
scores are displayed in Figures 20 and 21, where the y-axis
represents the feature value, and the x-axis shows the cluster
names. It should be noted that the plot displays the distribution
of feature values among the TAZs within each cluster rather
than representing the gain value itself.

Figure 20 shows the results for the municipality scale, where
the identified features are mainly related to points of interest
(POIs), including the average number of nearby primary
schools, cafes, restaurants, and general practices, which tend to
increase the residual and make trip production less predictable.
In addition, the concentration of older or newer-built houses
in the TAZ affects the prediction error, while the proportion
of younger residents appears to make trip production more
regular, as observed in cluster 0. Notably, cluster 3 exhibits
a severe late afternoon peak in residual, an hour later than
the trip production peak, with a higher average electricity
consumption.

Figure 21 displays the importance analysis results for the
4-digit scale, where socio-economic features become more
critical in distinguishing the residual cluster of TAZs. The first
12 most important features include residents with a non-EU
immigrant parent, the percentage of high-income residents,
residents with unemployment, social or disability benefits,
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in distinguishing the residual cluster. For instance, the number
of close hospitals, cinemas, and performing art locations, the
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clusters at the 4-digit spatial scale.

the percentage of newborn babies, and population density.
Land use and urbanity features also play an important role

density of commercial/industrial areas, the urbanity score,
and the concentration of middle-aged houses are all relevant.
Cluster 1, with the highest afternoon peak in residual, seems
to have more close hospitals, a higher proportion of residents
with a non-EU immigrant parent, and entertainment locations
such as cinemas and performing art venues, as well as a higher
percentage of residents with social benefits.

Overall, the results suggest that the prediction of trip
production relies more on demographic information when
analyzing at lower levels of abstraction, whereas, at higher
levels of abstraction, spatial features such as land use and
built environment variables play a more critical role in causing
irregular demand patterns.
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C. Research Limitations

This research, while contributing significant insights into the
field of short-term trip production prediction, acknowledges
certain limitations that should be considered when interpreting
the results and applying the methodologies.

1)

2)

3)

The primary data source for this study is derived from
GSM traces provided by a major Dutch telecommu-
nications company, Vodafone. While these traces offer
valuable insights into travel patterns, they inherently
come with significant limitations that might affect the
study’s outcomes. The data covers approximately one-
third of the Dutch population, primarily Vodafone users.
This coverage limitation potentially introduces biases,
as the user demographic may not accurately represent
the wider population’s travel behavior, especially across
different socioeconomic groups. Also, the method used
to infer trip productions from GSM data relies on
assumptions about travel modes, which may not always
hold true. The accuracy of these inferences can be
affected by the granularity of the data and the algorithms
used to interpret signal patterns, possibly leading to
misclassifications (e.g., distinguishing between travel by
public transport and private vehicles). Furthermore, the
accuracy of GSM-based studies is highly dependent on
the spatial distribution and density of network cells.
Areas with sparse cellular coverage or where cell towers
are unevenly distributed can lead to significant gaps
in data, affecting the reliability of trip estimations.
Additionally, the data’s temporal coverage (e.g., time of
day, day of the week) can also influence accuracy. For
instance, trip productions during peak traffic hours might
be overrepresented due to higher mobile phone usage,
skewing the understanding of typical travel patterns.
Given these constraints, particularly the black-box nature
of the processed GSM data, this study acknowledges
the limitations in the accuracy and reliability of the trip
production values derived. While the Dutch case offers
a complete, nationwide test bed, we recognize that its
specific spatial structure could limit external validity. We
therefore explicitly invite future work to benchmark the
proposed framework on widely used public corpora in
order to assess robustness across heterogeneous geogra-
phies.

The scope of this study is geographically limited to
the Netherlands. While this provides detailed insights
into Dutch urban and transportation network, the find-
ings might not directly translate to other regions with
different geographic, demographic, and infrastructural
characteristics.

The study adopts LSTM integrated with GCN as the
primary predictive model. This choice, while based on
the model’s ability to handle spatial-temporal correla-
tions and variations, does not imply it is the optimum
method for all trip production prediction scenarios. The
field offers a variety of other data-driven models that
might provide different levels of effectiveness depending
on specific use cases.

4)

5)

6)

7)

8)

9)

10)

11)

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

Another limitation of our study is the lack of compar-
ison with a broader range of state-of-the-art models.
While our focus was on demonstrating the benefits
of integrating spatial adjacency into LSTM models,
future research should include comparisons not only
with models like T-GCN [42] and STGCN [36] but also
with advanced graph-based architectures that incorporate
dynamic graphs [43], transformer-based GCNs [44],
and hierarchical GCNs (HGCNs) [45]. Such evaluations
would provide a more complete perspective on how
effectively our approach captures spatial dependencies
relative to more complex models.

The decision to use K-means clustering for residual
analysis was guided by its simplicity and effectiveness.
However, this approach might not capture the intricacies
of more complex, non-linear data distributions compared
to other advanced clustering algorithms.

The LSTM+GCN model, though efficient in han-
dling large-scale data, involves a certain level of
computational complexity. This aspect might limit its
applicability in environments with constrained compu-
tational resources.

The findings and conclusions drawn from this study,
particularly those related to the residual analysis and
socio-spatial feature associations, are based on the spe-
cific context of the Netherlands. The transferability of
these insights to other contexts requires a separate study.
A limitation of our study is the absence of more granular
socioeconomic data, such as income levels, education
levels, and job types, in our analysis. Incorporating
these detailed socioeconomic variables could potentially
enhance the model’s predictive capabilities and provide
deeper insights into trip generation patterns. Future
research could explore the integration of such data to
analyze their impact on trip generation forecasts.
Another area for future research is the interpretability of
the GCN+LSTM model. Employing techniques such as
attention mechanisms, feature importance analysis, or
explainable AI methods could provide deeper insights
into the model’s decision-making process and identify
key influencing factors, enhancing transparency and trust
in the model’s predictions.

While our model shows promise, practical deployment
for real-time prediction adjustments involves challenges
not addressed in this study. Future work could focus on
optimizing the model for real-time applications, explor-
ing techniques to improve computational efficiency, and
evaluating its performance in operational environments.
Addressing these considerations would enhance the
model’s practicality for policymakers and transportation
planners.

While we discuss certain computational aspects of our
approach, such as training a single model for all TAZs
instead of one model per TAZ, our primary contribution
lies in demonstrating the incremental predictive accuracy
gained by integrating spatial adjacency. We did not
conduct a formal theoretical computational complex-
ity analysis or extensive runtime evaluations. Future
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research could focus on detailed computational profiling,
optimizing the method for real-time deployment, and
comparing its computational performance against more
computationally efficient models.

Our residual analysis utilized K-means clustering to
identify patterns; however, more sophisticated methods
such as hierarchical clustering, DBSCAN, or spatial
econometric approaches might provide deeper insights
into residual patterns. Future research could explore
these methods to better understand the factors contribut-
ing to prediction inaccuracies and potentially improve
upon the results of our existing analysis.

12)

To sum it up, this study’s primary contributions lie in
the multi-scale analysis of trip production prediction and
the exploration of residual patterns and socio-spatial features
across different spatial scales. While acknowledging the afore-
mentioned limitations, the research provides a foundational
framework that can be built upon and adapted for further
studies in this domain. Future research could address these
limitations by incorporating a broader data scope, exploring
alternative predictive models, and adapting the methodologies
to diverse geographical and urban contexts.

IV. CONCLUSION

This study presented a GCN+LSTM framework that inte-
grates spatial adjacency into trip production prediction across
multiple spatial scales. We demonstrated incremental gains
in predictive accuracy by considering spatial heterogeneity
and identified socio-spatial features critical to understanding
residual patterns. These findings support the development
of more tailored, accurate, and practical demand prediction
models.

The findings of this research have several implications
for understanding how spatial heterogeneity affects demand
prediction and for transportation planning and policy-making.
The results of this study are helpful for transport model-
ers to consider the spatial scale in selecting the relevant
types of variables used in their models for travel demand
prediction. For instance, recognizing that at lower levels of
spatial abstraction, a combination of land-use and demographic
information contributes significantly to residual patterns, while
at higher spatial scales, land use plays a more critical role.
This awareness allows for more tailored and accurate modeling
approaches, leading to better-informed decisions regarding
resource allocation, infrastructure development, and service
planning.

Incorporating spatial adjacency into trip production pre-
diction models using GCN has demonstrated improvements
in prediction accuracy and computational efficiency. This
enhancement enables transportation planners to efficiently
handle large-scale networks without compromising accuracy,
facilitating the development of more effective transportation
strategies. Understanding the influence of neighboring TAZs
on trip production can help in designing more efficient transit
networks and optimizing traffic management strategies that
account for spatial interactions between regions.

Moreover, our analysis of prediction errors, residual pat-
terns, and their association with socio-spatial features helps

identify areas where certain demographic or land-use char-
acteristics contribute to demand variability. Policymakers can
leverage this information to implement targeted interventions,
such as adjusting land-use policies or enhancing transportation
services in areas where prediction errors are linked to spe-
cific socio-spatial factors, ultimately better meeting the travel
demands of different regions.

Although we focused on the prediction of trip production,
the insights gained from this study assist in OD matrix esti-
mation and prediction. Furthermore, while our study focused
on motor-vehicle OD matrices, addressing trip production
patterns specific to motor vehicles, it is essential to note that
the methodology employed in this research is mode-agnostic.
This versatility implies that our approach could potentially be
adapted and applied to various other modes of transportation,
broadening the scope and impact of the findings presented in
this paper.

Overall, this research lays the groundwork for develop-
ing more complex demand prediction models with higher
accuracy without requiring high computational capacity. By
refining models to consider nuanced socio-spatial dynam-
ics, we enhance their predictive accuracy and applicability,
supporting the creation of more responsive and equitable
transportation systems.

The study also enhances our understanding of spatial uncer-
tainty across multiple spatial scales and how it affects the
prediction of trip production. However, a major limitation
of this study is that the adjacency of the TAZs is the only
feature used for generating the adjacency matrix in our GCN.
Other socio-spatial features, as we showed in this research,
also affect the heterogeneity of trip production in areas. For
instance, the spatial urbanization level, defined based on the
combined land-use characteristics and demographics of an
area, has been shown to affect trip production patterns and
cause heterogeneity. Therefore, there is a definite need to
consider other contributing spatial features for defining the
adjacency matrix and comprehensively defining a dynamic
(showing that features can change over time) adjacency matrix
to address trip production heterogeneity.

Compared to previous studies that utilized traditional
time series models or standalone deep learning models, our
GCN+LSTM model demonstrates improved prediction accu-
racy by effectively capturing spatial-temporal dependencies.
For instance, studies like Zhao et al. [42] and Yu et al. [36] also
highlighted the benefits of incorporating spatial information.
Our findings align with these results and further extend them
by analyzing multiple spatial scales and focusing on trip
production prediction at a national level.

As a future direction, we are committed to exploring cutting-
edge methodologies in the domain of demand prediction,
with a keen focus on benchmarking an array of forecasting
paradigms. This includes delving into models that intricately
weave together more sophisticated spatial data representations
alongside advanced machine learning algorithms. Our objec-
tive is not merely to augment the predictive precision of these
models but to catalyze a transformative shift in their capability
to anticipate travel demand dynamics accurately. By charting
this course, we aspire to contribute to the perpetual enhance-
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ment of forecasting models, ensuring they remain both relevant
and robust in the face of evolving transportation landscapes
and the complex interplay of spatial-temporal factors they
encompass.

APPENDIX A
AOVR-SMOTE-XGB0o0OST ENSEMBLE MODEL

In this appendix, we describe the methodology of our OVR-
SMOTE-XGBoost ensemble model, which is designed for
multi-class imbalanced data. Figure 22 illustrates the frame-
work of this algorithm, which consists of three main steps:

1) Decompose the multi-class classification problem:
We transform the multi-class classification problem
into multiple independent binary classification problems.
Traditional classification methods are typically designed
for binary problems, and the complexity of multi-class
classification problems can be mitigated by breaking
them down into several binary classification problems.
Using the One-vs.-Rest (OVR) strategy, we develop mul-
tiple classifiers—one for each class—indicating whether
or not an instance belongs to a specific class [67].
Based on the OVR decomposition method, we decom-
pose the initial training set into three two-class training
sub-samples: T'rain; for classl, Train, for class2, and
Trains for class3. Each classifier calculates the proba-
bility of each class using a binary logistic loss function.
Instances are then classified into the class with the
highest probability.

2) Balance the training sets: Imbalanced learning is a
common problem in classification tasks, where under-
represented data and class distribution skew can nega-
tively impact algorithm performance [68]. To address
this issue, we employ the Synthetic Minority Over-
sampling Technique (SMOTE), a well-known data
augmentation method that balances class distribution by
oversampling minority class instances through random
replication [69].

3) Train the SMOTE-XGBoost ensemble model: For
each of the three OVR classifiers, we use the balanced
training sets to train the SMOTE-XGBoost ensemble
model for binary class prediction of TAZs.

To avoid overfitting, we implement a K-fold cross-validation
strategy with k = 10. K-fold cross-validation divides the
dataset into K equally sized groups of samples, or folds,
and iteratively trains the model on K-1 folds while testing
on the remaining fold. For example, given a dataset of 100
samples, 90 samples (i.e., nine folds) are used for training
and validation, while the remaining 10 samples (i.e., one fold)
are used for testing. This process is repeated for all ten folds,
with no overlap, to achieve a robust accuracy in prediction.

APPENDIX B
XGB0OST ENSEMBLE MODEL

In this section, we provide a detailed explanation of the
XGBoost algorithm. For further information, please refer to
[66]. XGBoost is an ensemble of decision trees that are
sequentially developed, with each tree working to improve the
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performance of the previous tree [70]. Ensemble methods aim
to reduce the bias or variance of several weak learners by
combining them into a strong learner (i.e., a learner with low
bias and variance). Boosting is an ensemble method where
weak learners are fitted sequentially and aggregated to the
ensemble model. In each step, the training set is updated to
focus more on the weakness of the current ensemble. In other
words, each model in the sequence does the fitting by giving
higher weight to misclassified data points. If the weak learner
of each step depends on the gradient direction of the loss func-
tion at each step, this method is also called Gradient Boosting
Machines (GBM) [71]. The advantage of XGBoost over non-
extreme gradient boosting methods is the regularization term
in the loss function, which helps prevent overfitting. Suppose
our dataset is y = (x;,y;) :i=1,...,n:;x, € R",;y; e R. We
have n observations, each with m features corresponding to
their associated label y. Then J; can be defined as a result
of an ensemble, with T additive functions, represented by the
generalized model as follows:

T
9i=d(xi) = Y t=1f1x);, )

where f; is a decision tree, and f;(x;) is the score given by the
t—th decision tree to the i—th data point. The objective function
that needs to be minimized to select the function f; consists of
two terms: training loss, L(y;, yi), and regularization, Q(f1):

obj(®) = 3" Ly 5i) + Y 1Q(f) 5)

The training loss, L, estimates the model’s goodness of fit
based on the training data. A common form of L for classifi-
cation, which is used in this research, is the logistic loss (i.e.,
binary logistic) for y € 0,1 [72]:

N
1
Liogisic = =5 >_(ilog(pi) + (1 = ydlog(1 = p):,  (6)
i=1

where y; is the true value, p; € [0, 1] denotes the probability
prediction, and N is the number of samples. An ideal classifier
has a logistic loss close to zero.

In order to prevent the model from becoming too complex, a
penalty term, denoted as €2, is applied to the objective function
as follows:

1
Q(f) =T + E/lllwllz;, )

Here, y controls the penalty for the number of leaves, 7,
and A is the parameter for controlling the magnitude of leaf
weights, w, in the decision tree. The purpose of including
the regularization term in the objective function is to simplify
the model and prevent over-fitting. Learning the tree structure
is more challenging than a traditional optimization problem,
where you can simply take the gradient. Training all the
trees simultaneously is not a straightforward task; therefore,
XGBoost uses an additive method that optimizes the learned
tree and adds a tree at each step. In the ¢ — th iteration, we
need to add the following f;, which minimizes the objective
function:

n

obj' = i=1L(yi,$" i + ft(x) + Qf). ®)
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This function can be simplified and approximated by the
Taylor expansion:

-t

obj
2§:i=1[L@LV”D+QﬁO0+%Mf%uﬂ]+QUDu Q)

where the functions g; and h;, the first and second-order
gradient of the loss function, are defined as follows:

gi = Opa-n;L(yi, y;(f—l))

hi = @5 ViL(y, 5177).

1

(10)
(1)

We can rewrite Equation 9 by expanding Q and find the
optimal output value (i.e., weight) @; for leaf j as follows:

Zl € Ijg,' .
Ziel,- hi+ A7
where [; is the instance set of leaf j. Replacing Equation 12
and 7 in 9 gives us the following optimal value of the loss

function which is used as a similarity score for measuring the
quality of each tree structure:

2
- 1 & (Ziel, gi)
obj = D e

wj = 12)

2 Zielj hi 44

J=1

+9T. (13)

For binary logistic loss function we use for the classification,
gi = —(yi — p») (i.e., the residual), and h; = p;(1 — p;) which
can be replaced in Equation 12 and 13.

To simplify evaluating tree structure when adding new
branches to the tree (i.e., evaluating the split candidates), a
greedy algorithm is used. This algorithm starts from one single
leaf and adds new branches to the tree iteratively. Therefore,
after the tree splits from a given node, the formula for loss
reduction (i.e., gain) is as follows:

Objsplit
1 X, 8)’ L (Ceer, &) (e g)’ .
2 Z:IAEIL hi + A ZiEIR hi+4 Ziel hi+ A4 ’
(14)

where I; and Ir are subsets of the available observations in
the left and right nodes after the split. I is the subset of the
available observations in the current node so that / = I; U I.
Moreover, the tree structure will continue to split if 0bjpy; is
positive or other criteria are met, such as the maximum depth
of a tree that users need in XGBoost parameters fine-tuning.
Equation 14 is used for finding the best split at any node and
it only depends on g;, and A; (i.e., the first and second order
gradient) of the training loss and the regularization parameter
y. Therefore, as long as the first and second-order gradient is
provided, XGBoost can optimize any custom loss function.
XGBoost performs better than other tree boosting algo-
rithms due to (i) having the regularization term for preventing
the over-fitting, (ii) downscaling of each new tree by a constant
parameter 7 to reduce the impact of a single tree on the final
model, i.e., it gives the future trees more space to improve the
model while reducing the impact of the current tree. Moreover,
(iii) XGBoost supports column sampling, which means each

tree is built using a subset of the columns from the training
dataset.

In the XGBoost method, the “gain” metric represents the
average improvement in the optimization objective (e.g., Gini
impurity or entropy) that a feature brings when used in the
trees. Features with higher gain values are considered more
important for the model, as they contribute more to the model’s
performance. By examining the gain values for each feature,
we can gain insights into the relative importance of different
features in our dataset. This can help us better understand our
data and potentially identify areas where we might want to
focus on collecting more data or refining our features.
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