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Abstract

This study investigates the influence of spatial heterogeneity on urban transport demand
forecasting. A two-stage framework combining cluster analysis and machine learning was
applied to origin-destination trip data generated by a calibrated transport model of a large
city. Origin-destination pairs were grouped according to travel conditions using K-Means
clustering based on private transport trip length and public transport travel time. The
identified clusters were subsequently analyzed with respect to travel costs, modal split,
spatial distribution, and transport demand characteristics. Machine learning models were
then developed to predict transport demand for public transport, private transport, and
walking. Two forecasting strategies were compared: a unified model trained on the entire
dataset and cluster-specific models trained separately for each identified cluster. The re-
sults revealed significant spatial heterogeneity in travel conditions and transport demand
structure. Cluster-specific machine-learning models reduced prediction errors for public
and private transport demand, while the magnitude of improvement varied across travel
modes and evaluation metrics. The findings demonstrate that accounting for spatial het-
erogeneity influences transport demand prediction performance, with the greatest im-
provements observed for public and private transport demand, whereas the effect was
less pronounced for walking demand.

Keywords: transport modeling; origin-destination; transport demand; cluster analysis;
spatial heterogeneity; machine learning

1. Introduction

The quality of passenger transport services is an important factor affecting the travel
behavior of transport system users [1]. Studies [2,3] show that travel mode choice by ur-
ban transport system users depends on a combination of travel costs, socioeconomic fac-
tors, and spatial heterogeneity within large cities.

The most important factors determining people’s choice of public transport for urban
travel are travel time and trip length. In many large cities, the concept of public transport
priority is implemented to ensure the quality of transport services for the population. Pri-
ority measures for public transport increase travel speeds on routes and reduce the time
costs for public transport users. However, such measures, if implemented without linkage
with a set of other measures within an integrated urban transport policy, can increase
delays for private transport users, and the overall effect will be insignificant [4].
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Due to constraints in road network development in most large cities, existing delays
at signalized intersections and on public transport route networks, implementing
measures to manage the transport demand structure (modal share by transport mode and
travel means) requires significant investment in constructing new or reconstructing exist-
ing road and transport infrastructure [5]. When implementing transport policy in a large
city, big data analysis is necessary to find optimal solutions. To assess the effectiveness
and economic feasibility of measures aimed at improving the urban transport system,
modeling traffic and passenger flows is required [6].

After the transport model is created, new calculated data appear, generating big data
on the operation of the transport complex based on simulation modeling. One function of
a transport macro-model is to store aggregated and processed data on the operation of the
transport complex, which are used for validation, calibration, and adequacy assessment
of the model. In study [7], the authors note that the city macro-model in the PTV VISUM
software is used not only for simulation modeling but also contains a fairly large array of
information about various urban objects (transport, road, infrastructure, socio-economic)
and is, in essence, a database.

For predictive transport models of a city, artificial neural networks or data mining
can be applied. Study [8] shows examples of using neural network technologies to reduce
costs for traffic flow monitoring and subsequent forecasting of harmful atmospheric emis-
sions. The authors note that the development of an information environment based on the
cloud computing model is promising.

Improving the quality of traffic flow forecasting is currently possible using the ad-
vantages of artificial intelligence, which is developing rapidly and being applied in vari-
ous economic sectors [9]. Machine learning (ML) methods are increasingly used to model
travel mode choice and travel behavior. Studies show that advanced ML models can ef-
fectively capture nonlinear relationships between transport system characteristics and
user decisions, often outperforming traditional approaches [10,11]. Recent research has
also highlighted the importance of ML models that not only improve prediction accuracy
but also identify the relative importance of factors influencing mode choice behavior [12].

Study [13] applies ML and artificial neural networks to analyze simulation modeling
results when studying the mobility structure of the population, taking into account the
spatial distribution of residential and work locations, using the example of a large city.
All city districts are divided into 9 clusters, in which the shares of trips by private and
public transport differ significantly, depending on the average trip distance for work and
education purposes. Studies of urban mobility based on big data and ML have shown that
urban mobility models exhibit substantial spatial and temporal heterogeneity, which
should be considered when analyzing multimodal transport systems and forecasting
transport demand [14].

Study [15] assesses gradient-boosting models for predicting travel mode choice using
household survey data and demonstrates that travel behavior depends on complex inter-
actions among travel time, distance, and socioeconomic characteristics. The results high-
light the importance of accounting for heterogeneity in transport demand and support the
use of ML techniques for identifying distinct groups of travel behavior and improving
forecasting accuracy. This supports the need to differentiate transport system problems in
space and time, establish regularities for groups within the system, and formulate
measures for the development of individual subsystems.

Accurate forecasting of transport demand (trip matrices) remains one of the key chal-
lenges in transport modeling. Recent studies have proposed ML approaches that account
for heterogeneous direct and transfer trips in public transport networks, significantly im-
proving matrix prediction accuracy [16]. Deep learning methods combined with intelli-
gent transportation systems data have also shown great potential for dynamic matrix es-
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timation and real-time transport demand assessment [17]. Feature engineering and inte-
grating multiple transport system variables have been shown to significantly improve ma-
trix estimation accuracy in large transport networks [18].

Recent studies increasingly combine simulation modeling, data analytics, and digi-
tal-twin technologies to support decision-making in complex transport and production
systems. Simulation environments allow researchers to evaluate the effects of infrastruc-
ture and operational changes under different scenarios before their implementation in
practice. Studies [19,20] demonstrated the effectiveness of simulation-based approaches
for optimizing technological transport systems using the AnyLogic environment, high-
lighting the ability of simulation models to support operational and strategic planning.
Similarly, digital-twin concepts have been successfully applied in industrial and
transport-related applications, enabling continuous monitoring, analysis, and optimiza-
tion of system performance under dynamic conditions.

The growing availability of transport data has also stimulated the development of
intelligent decision-support systems that combine mathematical models, simulation tools,
and ML techniques. Such systems can improve planning quality, increase operational ef-
ficiency, and support infrastructure management under uncertainty. In study [21], the au-
thors demonstrated that integrating analytical models into decision-support frameworks
allows managers to evaluate alternative strategies and improve operational performance
in transport-related service systems. These developments indicate that the integration of
simulation models, digital twins, and data-driven methods represents a promising direc-
tion for the evolution of urban transport planning tools.

Previous studies have shown that travel time, trip distance, and socioeconomic char-
acteristics influence travel behavior and mode choice. However, the relationship between
travel costs and transport demand is often assumed to be spatially homogeneous across
the study area, despite substantial differences in transport infrastructure, accessibility,
and urban structure. Previous research has also successfully applied ML methods to pre-
dict OD trip matrices, but limited attention has been paid to the spatial differentiation of
travel behavior. Consequently, it remains unclear whether accounting for spatial hetero-
geneity in travel costs improves ML-based transport demand prediction, and whether
such improvements depend on travel mode or travel conditions.

The aim of this study is to evaluate how accounting for spatial heterogeneity influ-
ences mode-specific transport demand prediction performance. This study hypothesizes
that accounting for spatial heterogeneity in travel costs can improve transport demand
prediction performance, although the magnitude of improvement may differ across travel
modes and travel conditions. To test this hypothesis, a two-stage framework is proposed.
First, cluster analysis is applied to identify groups of OD pairs characterized by similar
travel conditions. Second, Unified ML and Separate Cluster ML models are developed
and compared to evaluate whether accounting for spatial heterogeneity improves predic-
tion performance for different travel modes and travel conditions.

2. Materials and Methods

The proposed methodological workflow consisted of five consecutive stages: (1) ex-
traction of travel costs, trip volumes, and socioeconomic data from the calibrated PTV
VISUM model; (2) data preprocessing and filtering of anomalous observations; (3) identi-
fication of spatially homogeneous OD groups using clustering; (4) development and op-
timization of Unified ML and Separate Cluster ML models; and (5) validation and com-
parison of prediction performance using statistical and spatial analyses.
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2.1. Data Generation and Preprocessing

In the developed macroscopic model of a large city (Tyumen, Russia), travel costs
were generated using PTV VISUM (https://www.ptvgroup.com/en/products/ptv-visum,
accessed on 8 July 2026). Within this study, a database was imported from the morning
peak macromodel containing the variables summarized in Table 1 together with their de-
scriptive statistics. In the exported PTV VISUM database, travel-cost values exceeding 999
(min or km) represent origin-destination (OD) pairs for which no feasible route exists.
These values do not correspond to actual travel costs and were therefore treated as miss-
ing observations and excluded from further analysis. In addition, OD pairs for which both
predicted public transport demand and predicted private transport demand were below
0.1 trips were removed from the dataset. The threshold of 0.1 trips was introduced as an
author-defined preprocessing criterion intended to remove negligible predicted demand,
reduce matrix sparsity, and limit the influence of extremely small absolute values on the
subsequent clustering and ML analyses. Walking demand was not subjected to this filter-
ing criterion because walking trips generally exhibit substantially lower trip volumes than
motorized transport. Applying the same threshold to walking demand would have re-
moved a considerable number of valid walking trips and consequently distorted the ob-
served distribution of walking demand.

The original dataset contained 159,600 observations. After removing disconnected
OD pairs and observations with invalid travel costs, 11,213 observations were excluded.
An additional 1005 OD pairs were excluded because the predicted trip volume for both
public transport and private transport was below the selected threshold of 0.1 trips. The
final dataset therefore contained 147,382 observations.

D= {(i,j): 0< Cir]r‘l < Crnax (ylg'}uT = Ymin and yiP}rT = ymin)}r (1)

where D—filtered dataset used in subsequent analysis; ij—origin and destination zones;
m—travel mode (public transport, private transport, or walking); cl-’;-l —travel cost for OD
pair ij and travel mode m; ¢y, —maximum admissible travel cost value (999 min or km,
corresponding to the value exported from PTV VISUM for disconnected OD pairs);

yi*" —trip volume for OD pair ij by public transport; y;;" —trip volume for OD pair ij by

i
private transport; y,;;;, —minimum trip volume for OD pair ij used to exclude negligible

demand (0.1 trips).

Table 1. Variable definitions and descriptive statistics after preprocessing.

Role in th
Variable Description (Units) 0522; ® Mean Std Median Min Max
Public traflsport travel ~ Shortest-path tra.vel time betwe.en OD pair Clustering and 50 20 19 48 169
time by public transport (min) ML Feature
Public transport trip ~ Shortest-path trlp.dlstance between OD pair ML Feature 1 6 1 03 0
length by public transport (km)
Private tra.nsport travel Shortest—path.travel time betweén OD pair ML Feature 21 9 20 11 91
time by private transport (min)
Private transport trip ~ Shortest-path trip distance between OD pair Clustering and
. 11 6 10 0.3 49
length by private transport (km) ML Feature
Walking travel time Shortest-path travel t_1me be?tween OD pair ML Feature 138 69 131 2 511
by walking (min)
h -path trip di D pai
Walking trip length  rortest-path trip distance between OD pair y pooo g 5 9 03 35
by walking (km)
Populations’ ¢ oricd —
Population opulations’ number of origin and destina- —\\\ poove 1833 2618 674 0 19177
tion zones (persons)
Employed residents' ber of origin and
Employed residents D Yoo oolCCES NUMBEr O ONBIMANE \py poature 1008 1430 383 0 10418

destination zones (persons)
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Workplaces’ f origi d destina-
Jobs orkplaces’ number of origin and destina- -\ o0 1036 1313 521 0 9213
tion zones (jobs)
L Service-sector jobs” number of origin and
Service jobs T . ML Feature 526 665 254 0 3872
destination zones (jobs)
p £ oricd A
Students Students’ number of origin and destination ML Feature 123 47 0 0 2677
zones (persons)
E ional tv of oriei —
Educational capacity ~ _oucational capacity of origin and destina- —yy poovie 10 663 0 0 7968
tion zones (persons)
Trip volume by public . .
Public transport demand (trips) ML Target 21 13 20 0.2 50
transport
Tri 1 by privat
Hip volume by private Private transport demand (trips) ML Target 33 11 36 1.1 50
transport
Trip volume by walking Walking demand (trips) ML Target 5 12 0.3 0.1 69

2.2. Clustering for Spatial Heterogeneity Identification

The objective of the clustering procedure was to identify groups of OD pairs charac-
terized by similar travel-cost conditions. Pearson correlation analysis was performed to
examine relationships among the candidate travel-cost variables, and the complete corre-
lation matrix is presented in Appendix A. Following the recommendation of Hair et al.
[22], variables with pairwise correlations of R > 0.80 were considered to contain substan-
tially redundant information and were not simultaneously included in the clustering pro-
cedure. Correlation analysis was used as an initial screening step, whereas the final selec-
tion of clustering variables also considered their transport interpretation. Private
transport trip length was selected as an indicator of the spatial extent of trips, while public
transport travel time was selected as an indicator of public transport service quality. These
variables exhibited only moderate mutual correlation (R =0.77), allowing them to capture
complementary aspects of travel conditions while minimizing redundancy. As shown in
Appendix A, private transport travel time, public transport trip length, walking travel
time, and walking trip length exhibited strong correlations with one or more candidate
travel-cost variables and therefore provided limited additional information for clustering.
Consequently, these variables were excluded from the clustering procedure. However,
the walking-related variables were retained as explanatory variables in the subsequent
ML models, where they contributed to the prediction of walking demand. Prior to clus-
tering, the selected variables were standardized using the StandardScaler method, with
the mean and standard deviation calculated from the full cleaned dataset. Socioeconomic
indicators were not included in the clustering stage because the objective was to identify
groups characterized by similar travel cost conditions rather than socioeconomic similar-
ity (Equation (2)).

Zij = (LI;er' Ti?uT)' Z;j,r = (Zij,r = Ur)/or 2)

where L{T" —private transport trip length between origin zone i and destination zone j,
T‘PjuT
ij

z;j —value of feature r in vector z;;; z{;, —standardized value of feature ; y,—mean

km; —public transport travel time between origin zone i and destination zone j, min;
value of feature 7, g,—standard deviation value of feature r.

To identify spatial heterogeneity in trip groups with similar travel conditions, several
clustering algorithms were evaluated, including K-Means, MiniBatch K-Means, Gaussian
Mixture Models, Agglomerative Clustering, and DBSCAN. These algorithms were se-
lected because they represent different clustering assumptions: centroid-based partition-
ing, scalable centroid-based clustering, probabilistic clustering, hierarchical clustering,
and density-based clustering.

For centroid-based and probabilistic methods, the number of clusters was varied from
3 to 10. K-Means and MiniBatch K-Means were initialized with n_init = 20. MiniBatch K-
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Means used batch_size = 4096. Gaussian Mixture Models used full covariance matrices. Ag-
glomerative clustering used Ward linkage. For DBSCAN, the neighborhood radius (eps)
was determined using the k-distance graph and the maximum-distance-from-line (elbow)
criterion. The resulting optimal value was 0.085, while min_samples was fixed at 20.
Clustering quality was evaluated using the Silhouette Score, which measures the bal-
ance between within-cluster cohesion and between-cluster separation, and the Davies—
Bouldin Index, which evaluates the ratio of within-cluster dispersion to between-cluster
separation. Both metrics were calculated using their standard implementations in the
scikit-learn library (Equation (3)). The final clustering solution was selected by jointly con-
sidering internal validation metrics and the interpretability of the resulting OD groups.

~_ b —a® _ Uk + 0
s = max{a(i), b(i)}’ bBI = KZ g d(ck cl)) ®)

where a(i)—mean distance between observation i and all other observations in the same
cluster (within-cluster cohesion); b(i) —mean distance between observation i and all obser-
vations in the nearest neighboring cluster (nearest-cluster separation); ck—mean distance
of all observations in cluster k to their cluster centroid (within-cluster dispersion); d(cx,
c1)—distance between the centroids of clusters k and I (between-cluster separation); K—
total number of clusters.

For spatial validation, the cluster assignments obtained for individual OD pairs were
aggregated to the origin-zone level. For each origin zone, a zonal dominance index was
calculated as the proportion of the total trip volume assigned to the dominant cluster.
Using a Queen’s contiguity spatial weights matrix, Global Moran’s I was then calculated
for this continuous variable rather than for numerical cluster labels to evaluate whether
zones with similar degrees of cluster dominance were spatially clustered across the study
area (Equation (4)).

D-max( Vik > I_iZiZjWij(Di_l_))(Dj—E)

Yh=1Vik w Yi(D; — D)? ‘
W = {1, if origin zones i and j share a common boundary or vertex
U 0, otherwise

4)

where Di—zonal dominance index for origin zone i, defined as the largest proportion of
total trip volume assigned to a single cluster; Vi—total trip volume originating from zone
i and assigned to cluster k; K—total number of clusters; [ —Global Moran’s I statistic; W—
sum of all spatial weights; wij—spatial weight between origin zones i and j; D —mean
zonal dominance index over all origin zones.

To verify that the identified clusters differed in transport demand characteristics be-
yond the variables used for clustering, additional Kruskal-Wallis H tests (Equation (5))
were performed using mode-specific trip volumes that were not included in the clustering
procedure. The corresponding effect sizes (1?) were calculated according to Equation (5)
to quantify the practical magnitude of the observed inter-cluster differences.

12 ZR? 3N+ 1 , H-k+1 )
TN+ DL W+, ==y
i=

where H—Kruskal-Wallis test statistic; N—total number of observations included in the
statistical test; k—number of compared clusters; Ri—sum of ranks for observations belong-
ing to cluster i; ni—number of observations in cluster i; 1> —effect size estimating the pro-
portion of variability explained by the differences between clusters.

The resulting clusters were subsequently used to analyze spatial heterogeneity in
transport demand and to evaluate their contribution to ML-based transport demand fore-
casting.
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2.3. ML Models for Transport Demand Forecasting

The ML task was to forecast transport demand and to evaluate the impact of account-
ing for spatial heterogeneity on prediction accuracy. The analysis was performed sepa-
rately for public transport, private transport, and walking.

The target variables were trip volumes between OD pairs for public transport, pri-
vate transport, and walking. The X variables included travel costs (time and distance for
different travel modes) and zonal socioeconomic indicators.

To evaluate the contribution of spatial heterogeneity information, two ML forecast-
ing strategies were compared. The first strategy (Unified ML) used unified ML models
trained on the entire dataset without clustering results. The second strategy (Separate
Cluster ML) used separate ML models estimated independently for each identified clus-
ter. Comparison of these two strategies enabled assessment of the impact of spatial heter-
ogeneity on prediction accuracy (Equation (6)). In the Separate Cluster ML strategy, the
cluster label is used only to partition the dataset into homogeneous subsets before model
training and is not included as an explicit predictor in the ML models. The unified ML
models were considered the baseline forecasting approach, while the clustered ML mod-
els represented the proposed framework.

pm = fon (xi7), Unified ML
! fmk (xij): Separate Cluster ML ! ©)

xij = (Llijer, LIL-)].uT, L‘g, Tier' TiIJ)-uT, Ti‘;'v, Pi’ Pj, Emi, Emj,]i,]]’,sji, S]j,Si,Sj, Edi, Edj)

where }731 —predicted trip volume between origin zone i and destination zone j for travel
mode m, trips; ij—origin and destination zones; m —travel mode (public transport, private
transport, or walking); f,(x;;)—ML model trained using the complete dataset (Unified
ML strategy) separately for travel mode m; fp, (xl- j)—ML model trained separately for
travel mode m and cluster k (Separate Cluster ML strategy); k—cluster identified during

the clustering stage; x;; —feature vector describing the OD pair ij; L{}" —private transport
PuT
i }y

Ti’;TT—private transport travel time, min; Tl-?”T—public transport travel time, min; TL-I}V

walking travel time, min; Pi, Pji—population of the origin i and destination j zone, persons;

trip length, km; L;}*" —public transport trip length, km; L‘{]V-—walking trip length, km;

Emi, Emj—employed residents of the origin i and destination j zone, persons; Ji, i —jobs of
the origin i and destination j zone, jobs; SJi, S]j—service jobs of the origin i and destination
j zone, jobs; Si, Sj—students of the origin i and destination j zone, persons; Ed;, Edji—edu-
cational capacity of the origin 7 and destination j zone, persons.

Both the Unified ML and Separate Cluster ML strategies evaluated the same super-
vised learning algorithms, including Decision Tree Regressor, Random Forest Regressor,
Gradient Boosting Regressor, and HistGradientBoosting Regressor. All candidate hy-
perparameter configurations were evaluated on the training data, and the combination
yielding the best cross-validation score was selected. The optimized model was then re-
trained using the complete training dataset and evaluated on the independent test dataset.
The investigated hyperparameter search ranges are provided in Appendix B.

For the ML models, additional feature scaling was not performed, since the algo-
rithms used are not sensitive to differences in variable scale. The dataset was randomly
split into training and test sets with a 50/50 ratio. Model selection was performed inde-
pendently for each travel mode and/or cluster. The final model configuration was selected
based on the minimum mean absolute percentage error (MAPE) value obtained during
the cross-validation procedure. Model performance was evaluated on an independent test
dataset using four complementary metrics: MAPE, mean absolute error (MAE), root mean
squared error (RMSE), and the coefficient of determination R2 For the Separate Cluster
ML strategy, independent models were trained for each cluster. After prediction, the ob-
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served and predicted values from all cluster-specific test sets were concatenated into a
single pooled dataset for each travel mode. The Combined performance metrics were then
calculated from this pooled dataset rather than by averaging the cluster-specific metric
values, thereby enabling direct comparison with the Unified ML strategy.

3. Results
3.1. Clustering for Spatial Heterogeneity Identification

The clustering analysis revealed distinct groups of OD pairs with similar travel con-
ditions, supporting the presence of spatial heterogeneity in the study area. Table 2 sum-
marizes the performance of the evaluated clustering algorithms and the characteristics of
the selected clustering solution.

Table 2. Comparison of clustering algorithms' performance.

Method

Number of  Noi
Hyperparameters umbero (?1se Silhouette Score Davies-Bouldin Index
Clusters Points

K-Means

3 0 0.49 0.75
0.48 0.8
0.47 0.81

n_init =20

MiniBatch K-Means

0.45 0.78
0.44 0.82
0.43 0.83

batch_size = 4096; n_init
=20

Gaussian Mixture Model

0.43 0.82
0.39 0.86
0.37 0.93

covariance = full

Agglomerative Clustering

0.38 0.85
0.39 0.81
0.38 0.9

o|lo|o|C|o|o|o|o|o |

linkage = ward

QL | QO [W || |W|0 |

o

DBSCAN

eps = 0.085; min_sam-
ples =20

—_
o

2140 0.09 0.58

The K-Means and MiniBatch K-Means algorithms provided the most balanced combina-
tion of cluster compactness and separation quality. DBSCAN showed the lowest Davies-
Bouldin Index; however, it identified ten clusters and a large number of noise points, and the
corresponding Silhouette Score was substantially lower than for centroid-based methods.
Therefore, the K-Means algorithm was selected as the primary clustering method. Although
the highest Silhouette Score was obtained for three clusters, the resulting segmentation was
coarse and combined OD pairs characterized by substantially different travel conditions. Five
clusters provided a compromise between clustering quality and interpretability.

The cluster analysis identified five distinct groups of OD pairs (Table 3). Cluster 3 is
the largest group (31% of OD pairs) with moderate travel conditions. Cluster 4, the small-
est group (4% of OD pairs), represents long-distance trips with the highest mean travel
times (85 min by public transport, 40 min by private transport) and trip lengths (22 km by
public transport, 30 km by private transport). The walking mode share varies substantially
across clusters, from 0.4% (Cluster 1) to 21.4% (Cluster 2), reflecting differences in short-
distance accessibility. The public transport share ranges from 18.8% (Cluster 4) to 40.5%
(Cluster 3), indicating varying levels of public transport service quality across clusters.

Table 3. Clusters characteristics.

Cluster Number 1 2 3 4 5

Number of OD pairs 20,067 34,505 45,813 6096 40,901

Share of OD pairs, % 14 23 31 4 28

Mean travel time, min

by public transport 78 26 43 85 59
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by private transport 33 11 18 40 25
. by public transport 19 5 9 22 14
Mean trip length, k
can trip eng m by private transport 18 4 8 30 13
by public transport 41,676 366,456 429,116 8909 198,601
. by private transport 159,247 394,167 611,999 34,422 434,959
Trip volume -
by walking 920 206,536 17,253 219 3082
total 201,843 967,159 1,058,368 43,550 636,642
by public transport 20.7 39 40.5 18.8 30.9
Share, % by private transport 78.9 39.6 57.8 80.7 68.3
by walking 0.4 21.4 1.7 0.5 0.8

Cluster 1

(C) OpenStreetMap contributors (C) CARTO

[ b3 50
Trip-volume share

Cluster 4

(C) OpenstreetMap contributors (C) CARTO

[ b 50
Trip-volume share

s

s

The spatial distribution of the identified clusters is shown in Figure 1. The first five
maps illustrate the share of trip volume generated by each zone and assigned to the cor-
responding cluster. The last map shows the dominant cluster per zone, determined by the
maximum trip volume generated by that zone.

Cluster 2 Cluster 3

(C) OpenStreetMap contributors (C) CARTO (C) OpenStreetMap contributors (C) CARTO

100% 0 s 50 b 100% 0 5 50 ) 100%
Trip-volume share Trip-volume share

Dominant cluster by trip volume

Cluster 5

(C) OpenstreetMap contributors (C) CARTO
(C) OpenStreetMap contributors (C) CARTO

| Quster
100% 0 * 50 s 100% 12 2

Trip-volume share

- s

Figure 1. Spatial distribution of OD-pair clusters by trip-volume share and dominant cluster per

zone.

The results show that clusters are not uniformly distributed across the study area;
instead, they form distinct spatial patterns related to differences in accessibility, travel
costs, and transport network configuration. Central zones are predominantly associated
with Clusters 2 and 3, characterized by shorter trip distances and higher accessibility. Pe-
ripheral zones, especially those separated by major barriers (river, railway, bypass road),
are more strongly associated with Clusters 4 and 5, characterized by longer travel times
and higher travel costs.

The resulting Moran’s I value was 0.313 (p = 0.001), indicating moderate positive spa-
tial autocorrelation. This suggests that zones with similar cluster membership in terms of
travel costs are geographically grouped, confirming spatial heterogeneity in travel costs.
Although clustering was performed using travel-cost variables rather than geographic co-
ordinates, the resulting clusters exhibit clear spatial concentration patterns across the city.
This indicates that differences in travel conditions have a spatial structure and are related
to the road network and public transport route network configuration.
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The identified clusters exhibit substantial differences in transport demand structure.
Clusters with short trips are characterized by a significant walking share, whereas clusters
with long-distance trips are associated with higher private transport use. Intermediate
clusters show varying transport demand structures, reflecting differences in accessibility
and travel conditions across the city.

The Kruskal-Wallis H tests confirmed statistically significant differences between
clusters in public transport trip volume (H= 86,611, p <0.05), private transport trip volume
(H=51,542, p <0.05), and walking trip volume (H = 121,504, p < 0.05). The corresponding
effect sizes (?) were 0.59, 0.35, and 0.82, respectively, indicating moderate to large practi-
cal differences in transport demand characteristics among the identified clusters. These
findings demonstrate that the clusters differ not only in travel cost conditions, which
formed the basis of the clustering procedure, but also in transport demand characteristics
that were not used during cluster formation.

The relationship between costs and mode choice varies by cluster (Figure 2). Clusters
are characterized by different combinations of costs and transport demand structure. The
change in transport demand structure in response to cost changes may differ across clus-
ters, indicating a potential need to account for spatial heterogeneity when designing and
evaluating urban transport system measures.

100 100

80 4

Public transpert trip share, %
Private transport trip share, %

0 T T T T T T T T T T T T T T
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
Public transport travel time, min Public transport travel time, min

100 100

80 1

Public transport trip share, %
Private transport trip share, %

0 T T T
0 10 20 30 40

Private transport trip length, km Private transport trip length, km
e Clusterl e Cluster2 e Cluster 3 e Cluster 4 Cluster 5

Figure 2. Effect of travel costs on mode choice across clusters.
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Overall, the five clusters differ in travel costs (Table 3 and Figure 2) and spatial loca-
tion (Figure 1). These results confirm the presence of spatial heterogeneity in transport
demand structure and provide a basis for cluster-specific ML forecasting.

3.2. ML Models for Transport Demand Forecasting

Table 4 presents the prediction metrics obtained for the two forecasting strategies.
For strategy Unified ML, 3 models were independently trained and evaluated for each
travel mode; for Separate Cluster ML, 15 cluster-specific models (5 clusters x 3 travel
modes) were trained. The results indicate that the influence of spatial heterogeneity differs
across travel modes. Separate Cluster ML reduced absolute prediction errors for public
and private transport, whereas improvements for walking mode were not reflected across
all evaluation metrics. Comparing Unified ML and Separate Cluster ML (combined —
pooled test sample across clusters) shows that the improvement is related to the inclusion
of spatial heterogeneity information rather than to the ML algorithms and their parame-
ters themselves.

The highest prediction accuracy was achieved using ensemble ML methods. HistGra-
dientBoosting was selected as the most accurate model for all transport demand predic-
tions. Although a separate model was trained for each travel mode and cluster in both
strategies, most models used the same hyperparameters determined by GridSearchCV.

Table 4. ML model performance by strategy, travel modes, and clusters.

Strategy or MAE, RMSE,

o,

Travel Modes Models Cluster MAPE, % Trips Trips R?
Public transport HistGradientBoostingRegressor: 14 0.56 0.84 0.96
Private transport learning_rate = 0.1, max_iter = 200, Unified ML 8 0.71 0.98 0.92

. max_leaf_nodes =31,
Walking . _ 10 0.13 0.42 0.9
min_samples_leaf = 50
1 18 0.31 0.46 0.84
HistGradientBoostingRegressor: 2 4 0.34 0.58 0.98
Public transport learning_rate = 0.1, max_iter = 200, 3 10 0.62 0.91 0.88
max_leaf_nodes =31, 4 22 0.24 0.42 0.86
min_samples_leaf =50 5 17 0.59 0.82 0.84
Combined 12 0.48 0.73 0.97
1 12 0.84 1.09 0.87
HistGradientBoostingRegressor: 2 2 0.17 0.24 0.99
Private transport learning_rate = 0.1, max_iter = 200, 3 3 0.44 0.59 0.85
max_leaf_nodes = 31, 4 6 0.31 0.46 0.97
min_samples_leaf = 20 5 9 0.8 1.04 0.83
Combined 6 0.53 0.71 0.95
1 6 0.04 0.07 0.16
HistGradientBoostingRegressor: 2 3 0.08 0.17 0.99
Walking learning_rate = 0.05, max_iter = 100, 3 15 0.06 0.19 0.96
max_leaf_nodes =15 4 0.3 0.01 0.01 0.98
min_samples_leaf =20 5 14 0.02 0.21 0.44
Combined 10 0.04 0.17 0.72

The results show that prediction accuracy varies considerably across clusters, reflect-
ing differences in travel conditions and transport demand patterns. The Combined per-
formance metrics (MAPE, MAE, RMSE, and R?) were calculated from the pooled test ob-
servations across all clusters rather than as averages of the corresponding cluster-specific
metrics. Therefore, they represent the overall prediction performance across all OD pairs

https://doi.org/10.3390/futuretransp6040149



Future Transp. 2026, 6, 149

12 of 16

for each travel mode. The Combined R? is not a simple average of the cluster-specific R?
values, but is computed from the pooled sample, which may result in a value that differs
substantially from the individual cluster-specific values. This suggests that clustering pri-
marily reduced absolute prediction errors, whereas the coefficient of determination R? re-
mained more sensitive to the comparatively low variability and smaller absolute trip vol-
umes associated with walking demand.

For public transport demand forecasting, the lowest prediction errors were obtained
in Cluster 2, where the selected HistGradientBoosting model achieved a MAPE of 4% and
an R? of 0.98. Higher errors were observed in Clusters 1, 4, and 5, which is attributed to
greater variability in transport demand structure within these clusters. Nevertheless, all
public transport models achieved R? values above 0.8, indicating a high degree of fit be-
tween observed and predicted values.

Opverall, private transport demand forecasting was more accurate. The HistGradi-
entBoosting model was selected as the most effective for all clusters, with MAPE values
ranging from 2% to 12%. The highest coefficients of determination were observed in Clus-
ter 2 (R2=0.99) and Cluster 4 (R?=0.97). This indicates that transport demand within these
clusters exhibits more stable relationships with travel costs and socioeconomic character-
istics.

For walking trips, the HistGradientBoosting models provided accurate predictions.
The obtained MAPE values ranged from 0.3% to 15%. Although the coefficients of deter-
mination varied considerably across clusters, prediction errors remained relatively small
due to the lower absolute trip volumes associated with walking.

Figure 3 compares the observed and predicted transport demand values for the se-
lected ML models. The plots demonstrate a high level of agreement between predicted
and observed values. The density distributions further confirm that the models reproduce
the overall transport demand structure within the clusters.
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Figure 3. Observed vs. predicted transport demand values by travel modes and clusters.

To investigate variable contributions and ML model interpretability, a sensitivity
analysis was performed for each cluster. Relative sensitivity values were calculated for
each cluster and travel mode and normalized within each model. Figure 4 presents the
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Figure 4. Relative sensitivity of travel cost variables across clusters and travel modes.

The sensitivity analysis revealed differences in the relative importance of travel-cost

variables across clusters. Public transport demand in Clusters 1, 3, 4, and 5 was primarily

associated with in-vehicle time, whereas in Cluster 2, walking access/egress time became

the dominant factor. A similar pattern was observed for private transport demand fore-

casting: the importance of time-related variables varied from cluster to cluster. In contrast,

walking demand was consistently dominated by walking time, indicating a more homo-

geneous behavioral structure. These findings suggest that spatial heterogeneity is more

pronounced for motorized trips than for walking trips.
The obtained results indicate that spatial heterogeneity affects the transport demand

structure. Its contribution to ML prediction performance depends on travel mode, with
the largest improvements observed for public and private transport demand.

4. Discussion

Transport demand in a large city exhibits pronounced spatial heterogeneity related

to differences in travel costs. The spatial distribution of clusters indicates that travel costs

are closely linked to the city’s zoning pattern. Central zones are predominantly associated

with clusters characterized by shorter trips and higher accessibility, whereas peripheral

zones separated by major transport barriers are associated with clusters with higher travel

costs. These findings suggest that transport system improvements may have substantially
different effects across different parts of the city. The identified clusters differ not only in
travel costs but also in transport demand structure. Statistical testing indicated that these

differences are substantial and represent meaningful patterns.

The ML results indicate that the influence of spatial heterogeneity depends on travel
mode. Comparing the Unified ML and Separate Cluster ML strategies showed that sepa-
rate Cluster ML generally reduced MAE, RMSE, and MAPE compared with Unified ML,
although improvements were not consistent across all evaluation metrics. In particular,

the coefficient of determination remained lower for some cluster-specific walking models.

These results indicate that accounting for spatial heterogeneity mainly improves absolute

prediction errors rather than uniformly improving every performance metric.

The analysis was conducted using data generated by a calibrated transport model for

a single large city. Therefore, the identified clusters depend on local transport network

characteristics, and the models reproduce patterns represented in the calibrated transport

model rather than observed travel behavior in the city. Consequently, the generalizability

of the proposed framework to other urban contexts requires further validation. Future

research should focus on testing the proposed framework on real-world data, in other
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cities, incorporating additional cost indicators, and assessing the temporal stability of the
identified clusters.

Overall, the results indicate that spatial heterogeneity is an important characteristic
of transport demand. Combining cluster analysis with ML methods provides a framework
for investigating the influence of spatial heterogeneity on transport demand prediction
and may improve forecasting performance, particularly for motorized travel modes.
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Abbreviations

The following abbreviations are used in this manuscript:

OD Origin-Destination

ML Machine Learning

MAPE Mean Absolute Percentage Error
MAE Mean Absolute Error

RMSE Root Mean Squared Error
Appendix A

Table Al. Pearson correlation matrix of all candidate travel-cost variables.

Tput  Lput  Tprt  Lprt Tw Lw
Public transport travel time Tput 1 0.89 0.76 077 084 085
Public transport trip length Lput ~ 0.89 1 086 087 095 095
Private transport travel time Tprt ~ 0.76 0.86 1 0.87 0.9 0.89
Private transport trip length Lprt  0.77 0.87 0.87 1 0.93 0.93

Walking travel time Tw 0.84 0.95 0.9 0.93 1 0.98
Walking trip length Lw 0.85 0.95 0.89 0.93 0.98 1
Appendix B

Table A2. Hyperparameter search space used for GridSearchCV optimization.

Algorithm Hyperparameter Search Values
max_depth 5,10, 20
Decision Tree Regressor min_samples_split 2,5,10
min_samples_leaf 1,2,5
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n_estimators 100, 200, 500
depth 5,10, 20
Random Forest Regressor - max_cep -
min_samples_split 2,5,10
min_samples_leaf 1,2,5
n_estimators 100, 200, 500
Gradient Boosting Regressor learning_rate 0.01,0.05,0.1
max_depth 3,57
learning_rate 0.01, 0.05, 0.1
HistGradientBoosting Regressor max_depth 3,57
max_iter: 100, 200, 500
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