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Abstract 

The development of low-altitude passenger transport and emerging short-haul air ser-
vices has made inter-county short-distance routes an important subject for regional avia-
tion market research and preliminary planning. However, piloted eVTOL and low-alti-
tude short-haul passenger services remain at an early stage, lacking continuous and stable 
historical operational data for supervised modelling. Moreover, unobserved county-level 
routes cannot be simply regarded as having no market potential. This study formulates 
county-level candidate route identification as a large-scale priority ranking problem un-
der sparse proxy labels and develops a multi-relational graph ranking framework. The 
framework integrates county attributes, mobility, transport impedance, high-speed rail 
substitution conditions, and estimated air travel time variables through multiple rela-
tional graphs, and employs an MR-GAT ranking model to learn relative priorities among 
candidate routes using a pairwise ranking objective. Observed civil aviation route labels 
and flight frequencies are used as primary supervision signals, while airport catchment 
weak labels are introduced for auxiliary analysis. Experiments conducted over 240,350 
county-level candidate ODs show that, across ten random seeds, the MR-GAT model 
achieves a mean internal Top-1000 recall of 16.33%, compared with 7.55% for XGBoost 
and 2.00% for the gravity-based heuristic. Paired bootstrap analysis further supports the 
higher internal top-ranked retrieval performance of MR-GAT over XGBoost. Ten-seed re-
lational ablation shows relatively small differences among individual relation-removal 
variants, indicating that no single relational graph dominates the ranking performance 
under the current evaluation setting. Sensitivity analysis further shows that the resulting 
ranking is highly robust to uniform additions of up to 90 min to the estimated air travel 
time. Analysis of the resulting candidate set indicates that high-ranking ODs are typically 
associated with stronger inter-county interactions, higher ground-transport impedance, 
and limited direct high-speed rail connectivity. The framework therefore provides an an-
alytical screening tool for reducing a large candidate space to a smaller set of links for 
subsequent market and operational feasibility assessment. 
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1. Introduction 
The development of the low-altitude economy and advanced air mobility (AAM) is 

reshaping the technological pathways, operational scenarios, and organizational modes 
of passenger air services. The continuous advancement of emerging aircraft, including 
electric-powered aircraft, piloted compound-wing aircraft, and electric vertical takeoff 
and landing (eVTOL) aircraft, provides important technological foundations for trans-
forming low-altitude passenger transport from conceptual visions into practical applica-
tions. Meanwhile, relevant pilot programs are promoting the integration of these emerg-
ing aircraft into real operational environments. For example, the Electric Vertical Takeoff 
and Landing and Advanced Air Mobility Integration Pilot Program (eIPP) initiated by the 
Federal Aviation Administration (FAA) aims to explore safe operation and deployment 
pathways for eVTOL and other emerging aircraft within the U.S. airspace system through 
public–private cooperation [1]. Driven by both technological progress and operational 
validation, future passenger air services may gradually evolve from traditional airport-
centered service networks toward more flexible and fine-grained regional point-to-point 
mobility services. Correspondingly, China has incorporated the low-altitude economy 
into the development framework of emerging and future industries, providing a new pol-
icy context for regional aviation, general aviation, and low-altitude passenger transport 
applications [2]. 

From an application perspective, low-altitude passenger transport can be broadly di-
vided into intra-city and inter-city services. Intra-city services mainly focus on airport con-
nections, cross-river or cross-bay commuting, and rapid connections within urban cores, 
where operations typically rely on dense vertiport deployment, refined airspace manage-
ment, and integrated urban transport connections. In contrast, inter-city services primar-
ily address short-distance travel between cities and counties. Their applicability depends 
not only on aircraft operational capabilities but also on existing ground transport effi-
ciency, accessibility to takeoff and landing facilities, regional mobility intensity, and com-
petition with alternative transport modes. Because such travel demands are more spatially 
dispersed and involve a larger number of potential service links, systematic market 
screening and regional transport condition assessment are particularly important during 
the early development stage of inter-city passenger services. From a transport-system 
planning perspective, this creates a large-scale screening problem in which analytical 
models are needed to prioritize candidate connections before detailed market, infrastruc-
ture, and operational assessments are undertaken. This study focuses on county-level 
short-haul passenger transport within the inter-city context. At the current early stage of 
low-altitude passenger transport development, the key research objective is not to directly 
determine whether an individual route can be launched, but rather to identify county-
level links with higher research value and prioritization potential from a large number of 
potential connections. Therefore, this study investigates the prioritization of potential ser-
vice links in county-level short-haul passenger transport, providing preliminary support 
for subsequent market research, route assessment, vertiport planning, and operational 
feasibility analysis. 

Traditional aviation market analysis and route planning studies generally rely on 
relatively mature operational data and market-related variables. Existing studies com-
monly use airports or operated routes as analytical units and evaluate aviation demand, 
route performance, or market potential based on variables such as population size, gross 
domestic product (GDP), income level, airport throughput, historical passenger volume, 
flight frequency, spatial distance, and competing transport modes [3,4]. These approaches 
have strong explanatory capability in mature aviation markets, mainly because the inves-
tigated objects are embedded in relatively stable air service networks and have accumu-
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lated observable records of passenger demand, flight supply, and operational perfor-
mance. However, county-level short-haul low-altitude passenger transport remains at an 
early development stage and lacks continuous, stable, and directly observable operational 
samples. Therefore, existing prediction frameworks based on historical passenger de-
mand or established route performance cannot be directly applied. Under such conditions, 
the research focus should shift from determining whether a specific route has clear condi-
tions for operation toward identifying the relative priorities among a large number of po-
tential county-level routes. Accordingly, this study does not attempt to construct ground-
truth labels equivalent to future demand. Instead, it formulates the limited availability of 
operational observations as a learning-to-rank problem under sparse proxy labels. 

To address this issue, this study develops a multi-relational graph ranking frame-
work that integrates county-level characteristics, inter-county interactions, and transport 
constraints into a unified candidate route prioritization process. Within this framework, 
the MR-GAT ranking model serves as the core scoring model, which combines infor-
mation from multi-relational networks and candidate route attributes to generate contin-
uous ranking scores for candidate routes. Through this approach, the framework identi-
fies candidate links that deserve priority consideration in route assessment and provides 
support for preliminary planning and screening in the early stage of low-altitude passen-
ger transport development. 

The main contributions of this study are threefold. First, this study formulates 
county-level short-haul air-service screening as a large-scale priority-ranking problem un-
der limited direct operational observations. Rather than treating unobserved OD pairs as 
negative samples, the proposed formulation focuses on their relative priorities for subse-
quent market and planning analysis. Second, this study develops a multi-relational ana-
lytical framework that jointly represents spatial proximity, observed inter-county mobil-
ity, and transport impedance, and integrates these relational contexts with county and OD 
attributes through an MR-GAT ranking model. This design enables heterogeneous 
transport-system information to be incorporated into a unified candidate-link screening 
process. Third, the framework is evaluated over 240,350 county-level candidate ODs using 
held-out regular air-service labels, auxiliary airport-service-coverage information, rela-
tional-graph ablation experiments, and an independent general-aviation reference set. 
The resulting rankings provide a practical means of reducing a large candidate space to a 
smaller set of priority links for subsequent market, infrastructure, and operational feasi-
bility assessment. 

The remainder of this paper is organized as follows. Section 2 reviews related studies 
on airport systems and short-haul aviation planning, door-to-door impedance and air–rail 
competition, network modelling and graph-based ranking, and mobility data. Section 3 
introduces the construction of candidate routes, node attributes, route attributes, the 
multi-relational county network, and aviation proxy labels. Section 4 presents the MR-
GAT ranking model, candidate route scoring method, and pairwise ranking objective. 
Section 5 reports the empirical results and discusses model performance, component con-
tributions, top-ranked candidate enrichment, spatial patterns, and research limitations. 
Section 6 concludes the study. 

2. Literature Review 
County-level short-haul route prioritization involves three interrelated issues: first, 

whether air services can form effective supply within regional transport systems; second, 
whether potential links have realistic travel demand foundations and transport compen-
sation value; and third, how to rank a large number of candidate links when direct oper-
ational observations are limited. Based on this logic, this section reviews related studies 
from four perspectives: airport systems and short-haul aviation planning, door-to-door 
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impedance and air–rail competition, mobility and demand-side signals, and network 
modelling and candidate-link ranking. 

2.1. Airport Systems, Regional Air Services and Short-Haul Planning 

Research on airport systems emphasizes that aviation service capability depends not 
only on the existence of airport infrastructure but also on the interaction between airports 
and regional transport systems. Ground accessibility, route connectivity, service fre-
quency, destination combinations, and competition from surrounding airports all influ-
ence actual airport catchment areas and regional aviation accessibility. Existing studies 
have integrated ground access conditions with airport connectivity to identify airport hin-
terlands, overlapping service areas, and regional aviation service gaps. Other studies have 
shown that multi-airport distribution and substitution relationships among airports can 
reshape aviation accessibility patterns at urban and regional scales [5,6]. These findings 
suggest that potential aviation service conditions cannot be assessed solely based on ad-
ministrative boundaries or airport proximity, but should be understood within regional 
airport systems and ground access networks. 

Research on aviation demand forecasting and route planning further indicates that 
aviation market potential results from the matching between demand conditions and ser-
vice supply. Variables such as population, GDP, income level, airport throughput, flight 
frequency, and spatial distance are commonly used to explain aviation demand, route 
performance, and market potential. However, these variables generally rely on existing 
airport networks and observable operational records [3,4]. For mature aviation markets, 
such approaches can utilize historical passenger demand and flight supply information 
for prediction. However, for county-level short-haul low-altitude passenger transport that 
has not yet formed stable operational samples, directly applying existing route forecasting 
frameworks is constrained by the limited availability of observations. 

Studies on regional air mobility and low-altitude transport further extend the discus-
sion toward the operational conditions of short-haul aviation. The attractiveness of short-
haul air services depends not only on flight distance but also on door-to-door time savings, 
accessibility to regional airports or vertiports, first- and last-mile connections, aircraft 
range, airspace capacity, and operational complexity [7–9]. Therefore, short-haul aviation 
should not be considered a market determined solely by distance, but rather as a travel 
option jointly shaped by technological capability, operational constraints, service organi-
zation, and regional transport conditions. 

2.2. Door-to-Door Impedance, Air–Rail Competition and Multimodal Accessibility 

The competitiveness of air transport in short- and medium-distance travel depends 
heavily on the complete travel chain. Passengers typically do not compare only in-vehicle 
flight time, but also consider departure access, waiting time, main-trip travel, arrival ac-
cess, service frequency, reliability, and travel costs [10–12]. This issue becomes more 
prominent at the county scale. Accessibility evaluations conducted at the city scale may 
overlook differences in internal county-level node distances, access time, and service 
availability, while actual travel impedance between counties may be jointly determined 
by road detours, high-speed rail station accessibility, and transfer conditions. 

The expansion of high-speed rail networks has changed the applicability boundaries 
of short- and medium-distance air services. Existing studies show that short-distance air 
demand is more likely to be affected by substitution in corridors with mature high-speed 
rail services. However, the relationship between air and rail is not simply a substitution 
relationship; passenger choices are also influenced by access convenience, reliability, 
value of time, and service experience [10,13]. Therefore, short- and medium-distance mar-
kets should not be regarded as homogeneous markets naturally suitable for aviation. 
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Short-haul air services are more likely to provide complementary value when ground 
travel impedance is high, high-speed ground transport alternatives are insufficient, or ac-
cess efficiency is limited. 

Multimodal accessibility research further suggests that the advantages of different 
transport modes should be evaluated within the complete door-to-door travel chain. 
High-speed rail accessibility depends not only on the existence of rail lines and stations, 
but also on station–city distance, intra-city access, travel time, and transfer conditions 
[11,14]. This perspective has direct implications for county-level short-haul route prioriti-
zation. High-speed rail conditions should not be simply represented as whether a station 
or route exists; instead, they should be transformed into transport constraint information 
by comparing ground travel time, access conditions, and potential air travel time ad-
vantages. 

2.3. Mobility Data and Demand-Side Signals 

Traditional travel surveys provide strong interpretability at the sample level, but 
their high collection costs and low update frequency make them difficult to apply for cap-
turing large-scale county-level interactions. In contrast, mobile signaling data, call detail 
records (CDRs), and other passive location data can provide more frequent and extensive 
observations of regional mobility patterns, and have been widely used for travel matrix 
reconstruction and spatial interaction analysis [15,16]. However, the application of such 
data still faces challenges related to stay-point identification, spatial aggregation, user cov-
erage, sampling bias, and privacy protection. Therefore, the interpretation of mobility-
based results requires integration with population size, employment distribution, land 
use, and spatial proximity conditions. 

For county-level short-haul aviation research, the value of mobility data does not lie 
in directly providing aviation demand labels, but rather in characterizing whether realistic 
interaction foundations exist between counties. Inter-county mobility may involve vari-
ous purposes, including business, commuting, family visits, tourism, and other activities. 
Different mobility purposes may correspond to different willingness to pay, values of 
travel time, and transport mode preferences. Spatial interaction studies have long demon-
strated that regional interactions are jointly influenced by scale and impedance, while dis-
tance decay effects vary with travel purposes, transport modes, and socioeconomic con-
ditions [17,18]. Research on regional air mobility has similarly shown that different pas-
senger groups exhibit heterogeneous sensitivities to time savings, fares, and service pat-
terns [8]. 

Therefore, mobility intensity is more appropriately regarded as a proxy signal of ex-
isting inter-county interactions rather than a direct representation of future air passenger 
demand. If mobility volume is directly interpreted as aviation demand, the model may 
assign excessive priority to all highly connected links while ignoring the substitution ef-
fects of high-speed rail, road transport, and access conditions. Conversely, excluding mo-
bility information entirely may cause candidate-link identification to rely excessively on 
distance or transport impedance, thereby failing to capture existing regional interaction 
foundations. Based on this understanding, this study incorporates mobility as demand-
side relational information and combines it with spatial proximity and transport imped-
ance for candidate-link ranking. 

Mobility patterns also exhibit substantial spatial heterogeneity. The same level of mo-
bility may correspond to different conditions for potential aviation conversion under dif-
ferent transport environments. In regions with mature high-speed rail services and con-
venient ground access, strong mobility interactions may not require additional air services. 
In contrast, in regions characterized by significant geographical barriers, severe ground 
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detours, or insufficient high-speed transport coverage, medium-scale mobility interac-
tions may still present relatively high transport compensation value. Therefore, mobility 
information should be interpreted jointly with ground transport impedance, high-speed 
rail substitution conditions, and spatial contexts. 

2.4. Network-Based Modelling, Graph Learning and Candidate-Link Ranking 

Traditional aviation network studies generally represent airports as nodes and routes 
as edges, and identify important airports or hub nodes through indicators such as degree, 
betweenness, closeness, eigenvector centrality, and PageRank [19,20]. These methods can 
explain connectivity strength and intermediary roles within existing aviation networks. 
However, their analytical objects are usually established airport networks. Some studies 
have attempted to identify potential routes based on existing airport networks and con-
nectivity structures, but their research scales have mainly focused on airports or city pairs, 
making it difficult for them to directly address the preliminary screening of a large num-
ber of unserved or weakly served links at the county level [21]. 

County-level short-haul route prioritization differs substantially from traditional avi-
ation network centrality analysis. The former does not focus on the importance of nodes 
within existing airport networks, but rather on the relative priorities among a large num-
ber of potential county-level links. Many potential links have no historical air passenger 
records and lack explicit negative samples that can be directly used for supervised learn-
ing. Therefore, relying solely on existing route topology or traditional centrality measures 
is insufficient to capture the spatial context, real-world interactions, and transport com-
pensation conditions underlying candidate links. 

Graph learning methods provide more flexible tools for representing multi-source 
relationships. Graph attention networks can adaptively assign weights according to dif-
ferences among neighboring nodes and are suitable for modelling heterogeneous relation-
ship strengths [22]. In transportation and aviation studies, graph attention, spatial de-
pendency modelling, temporal attention mechanisms, and dynamic graph learning ap-
proaches have been applied to characterize complex relationships among nodes and alle-
viate the limitations of fixed physical adjacency structures [23,24]. This study draws on 
the relational representation capability of these approaches, but its objective is not opera-
tional state prediction; instead, it focuses on candidate service-link ranking. 

From the perspective of task formulation, county-level short-haul route prioritization 
is closer to a learning-to-rank problem. Ranking learning focuses on relative priorities 
among candidate objects rather than class assignment for individual samples [25,26]. In 
transportation research, previous studies have constructed heterogeneous graphs using 
OD flows, paths, and road segments, and transformed the identification of critical road 
segments into ranking problems. These studies indicate that the importance of transpor-
tation objects is determined not only by physical adjacency but also by mobility relation-
ships, path dependence, and functional interactions [27]. This perspective provides im-
portant implications for this study: when the objective is to prioritize candidates from a 
large candidate set rather than determine whether an object belongs to a positive class, 
ranking learning is more consistent with the underlying problem structure than binary 
classification. 

Aviation demand modelling also faces challenges related to short historical se-
quences and sparse labels. Previous studies on aviation demand forecasting have indi-
cated that aviation market data often exhibit a “short-but-wide” characteristic, where in-
dividual route histories are relatively short while numerous correlated links exist across 
the network, enabling information sharing through cross-series learning [28]. County-
level short-haul route prioritization is positioned earlier than conventional route demand 
forecasting, as many candidate links lack historical passenger records and the number of 
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observed route labels is limited. Treating unobserved links directly as negative samples 
may incorrectly classify undeveloped but potentially valuable links as having no value. 
This issue is conceptually similar to the treatment of unobserved samples in implicit-feed-
back ranking problems [29]. The main research streams reviewed above and their rele-
vance to this study are summarized in Table 1. 

Table 1. Main research streams and their relevance to this study. 

Research Stream Representative Studies Main Focus Relevance and Remaining Gap 

Airport systems and 
short-haul planning [3–9] 

Airport catchment areas, 
regional aviation accessi-

bility, route planning, 
service supply, and 

short-haul aviation oper-
ational conditions 

Indicates that potential aviation services 
should be analyzed by considering airport 
systems, ground access, and operational 

constraints. However, most studies rely on 
existing airport networks or operational 

samples. 

Door-to-door impedance 
and air–rail competition 

[10–14] 

Door-to-door travel 
time, air–rail competi-

tion, multimodal accessi-
bility, and access condi-

tions 

Demonstrates that the value of short-haul 
aviation should be evaluated considering 

complete travel chains and alternative 
transport conditions. However, large-scale 
county-level candidate route prioritization 
is rarely considered as the research objec-

tive. 

Mobility data and de-
mand-side signals 

[8,15–18] 

Spatial interaction, mo-
bility observations, 

travel connections, and 
demand-side proxy sig-

nals 

Provides information for characterizing ex-
isting inter-county interaction foundations. 
However, mobility intensity cannot be di-
rectly interpreted as aviation demand and 
should be jointly explained with transport 

constraints. 

Network modelling, 
graph learning and 

ranking 
[19–29] 

Network structure anal-
ysis, graph learning, 

ranking learning, unob-
served sample handling, 

and cross-link infor-
mation sharing 

Provides methodological foundations for 
multi-relational representation and candi-

date-link ranking. However, existing appli-
cations mainly focus on established net-
works, operational prediction, or other 

transportation objects, with limited atten-
tion to county-level short-haul route priori-

tization. 

3. Problem Formulation and Data Construction 
This section formulates the county-level short-haul route prioritization problem from 

the perspectives of dataset construction, node attributes, edge attributes, relational graphs, 
and proxy labels. County administrative units are defined as the basic spatial nodes, while 
potential short-haul air-service links between counties are considered as the ranking tar-
gets. Based on this formulation, the attribute data, relational structures, and label refer-
ences required for subsequent modelling are constructed. 

3.1. OD Set and Attribute Construction 

This study considers county units as the basic spatial nodes. Let N denote the set of 
county nodes, where i,j ∈ N represent two county nodes. An OD represents a potential 
short-haul air-service link between two county nodes. Since this study focuses on the rel-
ative priority of OD pairs rather than specific travel directions, flight schedules, flight fre-
quencies, or operational organization schemes, an undirected OD setting is adopted. 
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For the construction of the OD set, the great-circle distance between county centroids 
is used as the spatial screening criterion, and a distance window of 200–400 km is defined 
for empirical analysis. This distance range does not correspond to the fixed design range 
of any specific aircraft type, nor is it interpreted as a universal operational boundary. In-
stead, it is used to determine the OD pairs included in the ranking task from a large num-
ber of county combinations. Accordingly, the OD set is defined as 

EOD={(i,j) ∈ N × N| i < j, 200 ≤ dijgc ≤ 400}, (1) 

where EOD represents the set of OD pairs included in the ranking task. The condition i < j 
ensures that each undirected OD pair is counted only once, and dij

gc denotes the great-
circle distance between the centroids of county i and county j. 

For attribute construction, multi-source data are organized into two categories: node 
attributes and edge attributes. Node attributes describe the characteristics of individual 
county nodes, while edge attributes characterize the interaction intensity and transport 
conditions between two county nodes. 

For any county node i ∈ N, its node attribute vector is defined as 

xi = ሾPi,GDPiሿ⊤,i ∈ N, (2) 

where population size and gross regional product are selected as node attributes to rep-
resent the basic scale and economic activity level of each county. Specifically, Pi denotes 
the population size of county node i, and GDPi represents the gross regional product of 
county node i. 

For any OD pair (i,j) ∈ EOD, the edge attribute vector is defined as 

eij = ൣMij,Tijroad,Dijroad,Hijhsr,Tijhsr,Tijair൧⊤,(i,j) ∈ EOD, (3) 

where Mij represents the mobility intensity of OD pair (i,j), which describes the existing 
interaction between the two counties. Tijroad denotes ground travel time, Dijroad represents 
ground travel distance, Hijhsr  indicates high-speed rail connectivity status, Tijhsr  denotes 
high-speed rail travel time, and Tijair represents the estimated air travel time. These varia-
bles are collected and processed from multiple data sources. To clarify the data sources, 
processing approaches, and roles of different variables in attribute construction, Table 2 
summarizes the data used in this study. 

Table 2. Data sources. 

Symbol Data Description Data Source 
Pi Population size of county node i China County Statistical Yearbook 2024 

GDPi 
Gross regional product of county 

node i 
China County Statistical Yearbook 2024 

Mij Mobility intensity of OD pair (i,j) Anonymized and aggregated sampled 
mobile signaling data in 2023 

Tij
road Ground travel time of OD pair (i,j) Obtained through map API queries 

Dij
road Ground travel distance of OD pair 

(i,j) Obtained through map API queries 

Hij
hsr High-speed rail connectivity status 

of OD pair (i,j) 
Compiled based on queries of train 

schedules in December 2025 

Tij
hsr High-speed rail travel time of OD 

pair (i,j) 
Compiled based on queries of train 

schedules in December 2025 

Tij
air Estimated air travel time of OD pair 

(i,j) 

Calculated based on the great-circle 
distance between counties i and j and 

the cruising speed specified in this 
study 
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It should be noted that the travel-time variables in this study are not intended to 
represent complete door-to-door travel times for different transport modes. Ground travel 
time is obtained from road-network routing between county-level representative loca-
tions, while high-speed rail travel time represents the identified train running time and 
does not consistently include station access, waiting, transfer, or egress time. Similarly, 
the estimated air travel time is calculated from great-circle distance and an assumed cruise 
speed and does not include access, terminal processing, takeoff and landing, or egress 
processes. Therefore, these variables should be interpreted as mode-specific transport-im-
pedance measures used for large-scale preliminary OD screening rather than as directly 
comparable door-to-door travel times. The purpose of introducing these variables is to 
characterize relative transport conditions among candidate ODs, rather than to estimate 
passenger mode-choice utilities or the actual door-to-door competitiveness of aviation 
against ground transport. In this study, high-speed rail connectivity refers to direct 
HSR/EMU services identified under the adopted timetable-matching rule. Therefore, an 
OD pair coded as having no HSR connectivity only indicates that no direct service was 
identified; potentially convenient one-transfer rail itineraries are not represented by the 
current binary variable. 

3.2. Multi-Relational County Network 

This study constructs three types of relational graphs to characterize different rela-
tionship structures among county nodes and provide network context for subsequent 
graph modelling. The three relational graphs share the same county node set N, but have 
different edge sets and edge attributes. The multi-relational graph is defined as 
G = {GS,GF,GI} where GS represents the spatial proximity graph, GF represents the mo-
bility graph, and GI represents the transport impedance graph. For any relational type 
r ∈ {S,F,I}, the corresponding relational graph can be represented as 

Gr = ൫N,Ar,{aijr :(i,j) ∈ Ar}൯,r ∈ {S,F,I}, (4) 

where N denotes the set of county nodes, Ar represents the edge set of relational graph 
Gr, and aijr  denotes the edge attribute vector of edge (i,j) in relational graph Gr. 

The spatial proximity graph GS is constructed to characterize local spatial associa-
tions among county nodes. This graph is established based on county centroid coordinates, 
with its edge set denoted as AS. Considering the spatial density differences among coun-
ties, an adaptive neighborhood strategy is adopted to determine spatial edges. In densely 
distributed county areas, neighboring nodes with shorter distances are preferentially re-
tained, while in sparsely distributed areas, isolated nodes are avoided by adding nearest 
neighbors. Therefore, the spatial proximity graph maintains local spatial relationships 
while reducing the influence of regional spatial density differences on graph structures. 
For any spatial edge (i,j) ∈ AS, its edge attribute is used to describe the degree of spatial 
proximity between two county nodes: 

aijS  = ൣdijgc,ωijS൧⊤,ωijS  = exp ൬− dij
gc

σi
൰ ,(i,j) ∈ AS, (5) 

where dij
gc  represents the great-circle distance between the centroids of county i  and 

county j; ωijS denotes the spatial distance decay weight; and σi represents the local spa-
tial scale of node i, which is determined by the median distance among the spatial neigh-
bors selected for node i. This weight transforms spatial distance into neighborhood rela-
tionship strength, enabling the graph model to distinguish different levels of spatial prox-
imity among neighboring nodes. 

The mobility graph GF is constructed to characterize existing population interaction 
relationships among county nodes. Based on inter-county mobility data, the edge set AF 
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is constructed, and variables including total mobility intensity, mobility intensity by pur-
pose, mobility composition ratios, bidirectional mobility imbalance, and logarithmic mo-
bility weights are incorporated as edge attributes. For mobility records containing direc-
tional information, bidirectional mobility flows are aggregated into the same county pair 
to form mobility relationships consistent with the undirected OD definition. For any mo-
bility edge (i,j) ∈ AF, its edge attribute vector is defined as 

aijF = ൣMij, Mijbus, Mijcom, Mijlei, qijbus, qijcom, qijleibijF, log(1+Mij)൧⊤, (i,j) ∈ AF, (6) 

where Mij  represents the total mobility intensity of OD pair (i,j) ; Mijbus , Mijcom  and Mijlei 
represent mobility intensities for different purposes, including business, commuting, and 
leisure activities, respectively; qij

bus, qijcom and qij
lei denote the proportions of the three mo-

bility purposes within total mobility; bij
F represents bidirectional mobility imbalance; and 

log ( 1+Mij) denotes the logarithmic mobility weight, which is introduced to reduce the 
influence of extreme mobility values on model training. 

The transport impedance graph GI is constructed to characterize ground transport 
constraints and high-speed rail substitution conditions among county nodes. Based on 
ground travel, high-speed rail connectivity, and estimated air travel time information of 
OD pairs (i,j), the edge set AI is constructed. Variables including ground travel distance, 
ground travel time, great-circle distance, high-speed rail connectivity status, high-speed 
rail travel time, effective ground travel time, relative time indicators, and time-decay 
weights are incorporated as edge attributes. For any transport impedance edge (i,j) ∈ AI, 
its edge attribute vector is defined as 

aijI  = ቂDijroad, Tijroad, dijgc, Tijair, T෨ ijsurf, Hijhsr, Tijhsr, Rijroad/air, Rijsurf/air, ωijroad, ωijsurfቃ⊤ ,(i,j) ∈ AI, (7) 

where Dijroad represents the ground travel distance, Tijroad denotes the ground travel time, 
dij
gc represents the great-circle distance between the centroids of the two counties, Tijair de-

notes the estimated air travel time, Hijhsr is a binary variable indicating high-speed rail con-
nectivity status, and Tijhsr represents high-speed rail travel time. To simultaneously reflect 
conventional ground transport and high-speed rail substitution conditions, this study de-
fines the effective ground travel time T෨ ijsurf. When high-speed rail is available, the smaller 
value between ground travel time and high-speed rail travel time is selected; otherwise, 
the ground travel time is used: 

T෨ ijsurf = ቊ min൫Tijroad,Tijhsr൯,  Hijhsr = 1
               Tijroad,        Hijhsr = 0, (8) 

Based on this definition, two relative time indicators are constructed to characterize 
the relative relationship between the estimated air travel time and the available ground-
transport time measures: 

Rijroad/air = Tijroad
Tijair

,  Rij
surf/air = T෨ ijsurf

Tijair
, (9) 

where Rijroad/air  represents the ratio between conventional ground travel time and esti-
mated air travel time, while Rij

surf/air represents the ratio between effective ground travel 
time considering high-speed rail substitution and estimated air travel time. To further 
represent the decay effect of transport impedance, this study defines the transport weights 
as 

ωijroad=exp ൬− Tij
road

τroad
൰ ,       ωij

surf=expቆ− T෨ ijsurf
τsurf

ቇ, (10) 

where τroad and τsurf are the time-decay parameters for ground travel time and effective 
ground travel time, respectively. They control the decreasing rate of edge weights as travel 
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time increases. Both parameters are set as the medians of their corresponding time varia-
bles to reduce the influence of extreme travel times on weight calculation. Through these 
constructions, the transport impedance graph characterizes transport conditions among 
county nodes from three perspectives: conventional ground transport, high-speed rail 
substitution, and the relative relationship between ground-transport time measures and 
estimated air travel time. Together with the spatial proximity graph and mobility graph, 
the transport impedance graph provides structural inputs for the subsequent MR-GAT 
ranking model. 

3.3. Aviation Proxy Label Construction 

This study constructs three types of proxy labels to provide pairwise ranking super-
vision and independent evaluation references, including route labels, airport catchment 
weak labels, and external evaluation labels. 

Route labels are constructed to represent existing regular air-service links. The origi-
nal aviation service data use routes as the basic recording unit. Based on the spatial corre-
spondence between airports and counties, this study transforms route records into 
county-level air-service labels within the OD set. Let Eroute ⊆ EOD denote the set of route 
labels. If an OD pair corresponds to an observed aviation service record, it is included in 
Eroute. The corresponding label is defined as 

yij
route= ቊ          1,          (i,j) ∈ Eroute

unlabelled, (i,j) ∉ Eroute , (11) 

where yij
route denotes the route label. Unlabelled OD pairs are not assigned confirmed neg-

ative class labels. During pairwise training, a subset of unlabelled ODs may be sampled 
as lower-priority comparison instances relative to observed route-label ODs. This repre-
sents a weak ranking preference rather than evidence that the sampled ODs have no mar-
ket potential. Route records with available service frequency information are further used 
to characterize the intensity of existing aviation services. 

Airport catchment weak labels are introduced to complement the coverage limita-
tions of route labels. Route labels only represent observed aviation service links, while 
airport catchment weak labels indicate whether both ends of an OD pair satisfy existing 
airport service coverage conditions. Let Eweak ⊆ EOD denote the set of airport catchment 
weak labels. If both counties of an OD pair satisfy the airport catchment coverage condi-
tion, the OD pair is included in Eweak. The corresponding label is defined as 

yij
weak = ቊ         1,          (i,j) ∈ Eweak

unlabelled, (i,j) ∉ Eweak , (12) 

where yij
weak denotes the airport catchment weak label. This label is only used as auxiliary 

supervision information to alleviate the sparsity of route labels and does not replace route 
labels. 

External evaluation labels are constructed to provide an independent evaluation ref-
erence. Let Eext ⊆ EOD denote the set of external evaluation labels. This set is generated 
by compiling general aviation routes and mapping them to the OD level. It is used to 
examine whether the final ranking results can capture county-level links observed in an-
other type of aviation activity. The corresponding label is defined as 

yij
ext = ቊ          1,          (i,j) ∈ Eext

unlabelled, (i,j) ∉ Eext , (13) 

where yij
ext denotes the external evaluation label. The external evaluation labels are not 

used to construct model training supervision signals or generate relational graph struc-
tures, but only serve as independent evaluation references. The external evaluation set 
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contains 40 positive OD labels constructed from general aviation routes. These labels are 
evaluated against the same complete ranking of 240,350 candidate ODs and therefore do 
not constitute a separate balanced classification test set. External Top-K recall represents 
the proportion of these 40 positive reference ODs retrieved within the corresponding Top-
K range. 

In summary, this section formulates and organizes the county-level short-haul route 
prioritization problem based on the OD set, node attributes, edge attributes, relational 
graphs, and proxy labels. The OD set defines the ranking targets, while node attributes 
and edge attributes characterize county-level conditions and inter-county transport inter-
actions, respectively. The multi-relational county network further represents spatial prox-
imity, mobility, and transport impedance relationships. The proxy labels provide refer-
ences for ranking learning and model evaluation. 

4. Methodology 
This section develops an MR-GAT ranking model for OD priority ranking. Taking 

county node attributes, OD edge attributes, and multi-relational county networks as in-
puts, the model transforms county-level characteristics, inter-county interactions, and re-
lational graph structures into relative priority scores of OD pairs through multi-relational 
graph encoding, OD-level scoring, and pairwise ranking training. 

4.1. Overview of the MR-GAT Ranking Model 

The objective of the MR-GAT ranking model is to learn a scoring function over the 
OD set EOD. For any OD pair (i,j) ∈ EOD, the model takes the attributes of the two county 
nodes, edge attributes, and multi-relational county networks as inputs, and outputs a con-
tinuous ranking score: 

sij = fΘ൫xi,xj,eij,G൯,  (i,j) ∈ EOD, (14) 

where xi and xj denote the attribute vectors of the two county nodes, eij represents the 
edge attribute vector of OD pair (i,j) , and G  represents the three relational graphs. fΘ 
denotes the ranking function with learnable parameters Θ, and sij is the ranking score 
generated by the model. A larger sij indicates that the model assigns a higher priority to 
OD pair (i,j). This score is only used for relative comparison among OD pairs and should 
not be interpreted as passenger demand, route opening probability, or operational feasi-
bility. 

As illustrated in Figure 1, the MR-GAT ranking model mainly consists of three mod-
ules: data input, multi-relational graph encoding, and OD scoring. The first module is the 
data input module, which includes county node attributes, edge attributes, and three re-
lational graphs: the spatial proximity graph, mobility graph, and transport impedance 
graph. The second module is the multi-relational graph encoding module. The model up-
dates county node representations on the three relational graphs separately, obtains node 
representations under different relational contexts, and then integrates these representa-
tions through relation fusion to generate unified node representations. The third module 
is the OD scoring module, where the node representations of the two counties and the 
edge attributes of the corresponding OD pair are concatenated to construct an OD feature 
vector, and the scoring network outputs the ranking score sij. Through this process, the 
model transforms county-level characteristics, inter-county attribute relationships, and 
multi-relational network structures into relative priority scores for OD pairs. 
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Figure 1. Multi-relational graph ranking framework for county-level OD prioritization. 

Before introducing the graph encoding process, it should be clarified that route labels 
and airport catchment weak labels are used as supervision signals during model training 
or evaluation, while external evaluation labels are only used for result assessment. This 
setting avoids directly using label information to generate ranking scores and ensures that 
model scoring mainly relies on node attributes, edge attributes, and multi-relational graph 
structures. 

4.2. Multi-Relational Graph Encoding 

In the MR-GAT ranking model, the multi-relational graph encoding module first 
transforms the county node attribute vector xi into an initial node representation suitable 
for graph neural network computation through a node attribute mapping function: 

hi
(0) = ϕx(xi),  i∈N, (15) 

where hi
(0) represents the initial node representation of node i, and ϕx(⋅) denotes a learn-

able node attribute mapping function. The initial node representations of all nodes are 
organized into a matrix H(0), which is used as the input of the graph encoding module. 
For the three relational graphs {GS,GF,GI}, independent GATv2 encoders are constructed 
to extract structural information and edge attribute information from different relational 
graphs. GATv2 is a dynamic graph attention mechanism that alleviates the limitations of 
the original GAT related to attention ranking and query-node sensitivity [30]. To distin-
guish the encoding parameters of different relational graphs, the GATv2 encoder corre-
sponding to relation type r ∈ {S,F,I} is denoted as Ψr(⋅). For relational graph Gr, the en-
coding process is formulated as 

Hr = Ψr൫H(0),Ar,Br൯,  r ∈ {S,F,I}, (16) 
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where Hr  represents the node representation matrix after encoding through relational 
graph Gr, H(0) denotes the initial node representation matrix of all nodes, Ar represents 
the edge set of relational graph Gr, and Br represents the edge attribute matrix composed 
of edge attribute vectors in relational graph Gr. After encoding through the three rela-
tional graphs, each node obtains three relation-specific representations, hi

S,hi
F,hi

I , corre-
sponding to spatial proximity, mobility, and transport impedance relationships, respec-
tively. Since the three relational graph encoders output node representations with the 
same dimensionality, these representations can be further fused. However, information 
sources and dependency patterns may differ across the three relational graphs. Therefore, 
this study introduces node-level relation attention to calculate the relative contribution of 
different relational graphs to the same node representation. 

Since the information sources and dependency patterns of different nodes may vary 
across the three relational graphs, the model further adopts node-level relation attention 
to fuse the three types of node representations. This attention mechanism measures the 
relative contribution of different relational graphs to the representation of the same node, 
which differs from the neighborhood aggregation attention used inside the GATv2 en-
coder. For node i  and relation type r , the unnormalized attention score of relational 
graph Gr is first calculated as 

uir = q⊤ tanhሺPrhirሻ ,  r ∈ {S,F,I}, (17) 

where Pr denotes a learnable linear transformation matrix corresponding to relation type 
r, which maps node representations from different relational graphs into a unified atten-
tion space. q is a learnable attention vector used to compress the transformed node rep-
resentation into a scalar score. tanh ( ⋅)  is the hyperbolic tangent activation function, 
which introduces nonlinear transformation. hir  represents the node representation of 
node i in relational graph Gr. The three relation-specific attention scores are then normal-
ized using the softmax function: 

βi
r = exp(uir) ∑ expr’∈S,F,I (uir’)

,  r ∈ {S,F,I},            ∑ βi
r

r∈S,F,I  = 1, (18) 

where βi
r  represents the weight of relational graph Gr  in the fused representation of 

node i . Since softmax normalization is performed among the three relational graphs, 
βi
S,βi

F and βi
I reflect the relative dependency of node i on spatial proximity, mobility, and 

transport impedance information, rather than globally fixed weights. After obtaining the 
relation weights, the fused node representation is defined as 

hi =∑ βi
r

r�S,F,I hir, (19) 

Accordingly, node i  obtains three relation-specific representations, βi
S,βi

F,βi
I , to-

gether with the fused node representation hi. The former preserve information from dif-
ferent relational sources, while the latter integrates the three relational contexts according 
to node-specific relation weights and serves as the node input for subsequent OD scoring. 

4.3. OD-Level Scoring 

After obtaining the relation-specific node representations βi
S ,βi

F ,βi
I  and the fused 

node representation hi, this section further combines the endpoint node representations 
with OD edge attributes to construct the input of the OD scoring module. For any OD pair 
(i,j) ∈ EOD, the model first constructs an endpoint pair representation under each relational 
graph. For relation type r∈{S,F,I}, it is defined as 

bijr  = ൣhir+hjrǁหhir − hjrหǁhir⊙hjr], (20) 
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where hir and hjr represent the node representations of the two county nodes under rela-
tional graph Gr, respectively; ǁ denotes vector concatenation; ⊙ denotes element-wise 
multiplication; and |hir − hjr| represents the element-wise absolute difference between the 
two node representations. The endpoint pair representation consists of three components: 
hir+hjr captures the overall feature level of the two endpoint nodes under the correspond-
ing relational graph; หhir − hjrห describes the difference between the two node representa-
tions; and hir⊙hjr captures the interaction relationship between the two endpoint node 
representations. Similarly, based on the fused node representations hi and hj, an overall 
endpoint pair representation is constructed as 

bij = ൣhi+hjǁหhi − hjหǁhi⊙hj൧, (21) 

Unlike bijr , which corresponds to a single relational graph, bij is constructed based 
on the fused node representation after integrating information from the three relational 
graphs. After obtaining the endpoint pair representations, the OD scoring module further 
combines OD edge attributes to construct relation-specific OD feature vectors. For relation 
type r∈{S,F,I}, the OD representation is defined as 

pij
r  = ρr൫ൣbijr ǁbijǁeij൧൯,     r ∈ {S,F,I}, (22) 

where ρr(⋅) denotes a learnable mapping function corresponding to relation type r, eij 
represents the edge attribute vector of OD pair (i,j), and pij

r  represents the OD feature 
vector under relational graph Gr. Through this process, each OD pair obtains three rela-
tion-specific feature representations corresponding to spatial proximity, mobility, and 
transport impedance relationships. To fuse the three relation-specific OD representations, 
the OD scoring module further learns OD-level relation weights γij

r . Unlike node-level re-
lation weights, OD-level relation weights characterize the relative contribution of differ-
ent relational graphs to the score of a specific OD pair. For relation type r∈{S,F,I}, the 
OD-level relation weight is defined as 

γij
r  = exp൬ηrቀቂpijr ǁeijቃቁ൰∑ expr’∈S,F,I ൬ηr’ቀቂpijr’ǁeijቃቁ൰ ,  r ∈ S,F,I,     ∑ γij

r
r∈S,F,I  = 1, (23) 

where ηr(⋅) denotes the learnable scoring function corresponding to relation type r. The 
OD-level relation weight γij

r  is jointly determined by the relation-specific OD representa-
tion pij

r , the OD edge attribute vector eij, and the learnable scoring function ηr(⋅). The 
softmax normalization is performed among the three relational graphs. Therefore, 
γij
S ,γij
F,γij

I  represent the relative contributions of spatial proximity, mobility, and transport 
impedance information to the ranking of the same OD pair, respectively, and their sum 
equals one. The three relation-specific OD representations are then fused through 
weighted aggregation to obtain the final OD-level representation: 

pij =∑ γij
r

r�S,F,I pij
r , (24) 

Finally, the model feeds the fused OD representation together with the OD edge at-
tribute vector into a learnable scoring function fs(⋅) to obtain the ranking score: 

sij = fs ቀቂpijǁeijቃቁ ,  (i,j) ∈ EOD, (25) 
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4.4. Pairwise Ranking Objective and Training Protocol 
The previous sections defined the OD ranking score sij. This section further describes 

the construction of training supervision. Since the objective of this study is to learn relative 
priorities among OD pairs, proxy labels are not directly used to construct binary classifi-
cation labels, but are transformed into ordered comparison pairs. Let u,v ∈ EOD denote 
two OD pairs. If the supervision information indicates that u has a higher priority than 
v, it is denoted as u ≻ v, and the model is expected to satisfy su > sv. For an ordered com-
parison pair (u,v), this study adopts the pairwise logistic ranking loss: 

ℓ(u,v) = logሺ1+expሾ−ሺsu − svሻሿሻ, (26) 

where ℓ(u,v) represents the ranking loss of comparison pair (u,v). The loss takes the score 
difference su − sv  as input. When su  is substantially larger than sv , ℓ (u,v)  becomes 
smaller. When su ≤ sv, the loss increases and encourages the model to assign higher scores 
to higher-priority OD pairs. This formulation is consistent with commonly used pairwise 
ranking losses in learning-to-rank methods [25]. 

Based on route labels, flight frequencies, and airport catchment weak labels, this 
study constructs three types of ordered comparison pair sets. To reduce the risk that held-
out positive samples are incorrectly used as lower-priority comparison objects, positive 
labels in the validation set, internal test set, and external evaluation set are excluded from 
low-priority OD sampling. The low-priority comparison pool is drawn from candidate 
ODs that are not used as positive route labels after excluding held-out positive ODs. These 
ODs are used only as comparison instances for constructing pairwise ranking preferences 
and are not treated as confirmed negative classes. 

The first type is the route-label comparison pair set, denoted as 
Proute = {(u,v):u,v ∈ EOD, u ≻ v}. The route-label ranking loss is defined as 

Lroute = 1
|Proute|

∑ l(u,v(u,v)�Proute ), (27) 

where |Proute| represents the number of route-label comparison pairs. 
The second type is the frequency comparison pair set, denoted as 

Pfreq = {(u,v):u,v ∈ EOD,u ≻ v}. Within OD pairs containing route labels, if the service fre-
quency of OD(u)  is higher than that of OD(v) , a frequency-based ranking relationship 
u ≻ v is constructed. The corresponding frequency ranking loss is defined as 

Lfreq = 1
|Pfreq|

∑ l(u,v)(u,v)�Pfreq , (28) 

where |Pfreq| represents the number of frequency-based comparison pairs. A larger fre-
quency difference provides a stronger ranking constraint during model training. 

The third type is the airport catchment weak-label comparison pair set, denoted as 
Pweak = {(u,v):u,v ∈ EOD,u ≻ v}. The weak-label ranking loss is defined as 

Lweak = 1
|Pweak|

∑ l(u,v)(u,v)�Pweak , (29) 

where |Pweak| represents the number of airport catchment weak-label comparison pairs. 
Since airport catchment weak labels only indicate whether an OD pair satisfies existing 
airport service coverage conditions and do not provide service intensity information, this 
study assigns equal weights to weak-label comparison pairs. 

By integrating the three ranking constraints, the training objective of the model is 
defined as 

L = λrouteLroute+λfreqLfreq+λweakLweak+λreg||Θ||2
2, (30) 
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where Θ  denotes the set of learnable parameters of the MR-GAT ranking model; 
λroute,λfreq, λweak represent the weights of route-label ranking loss, frequency ranking loss, 
and weak-label ranking loss, respectively; and λreg denotes the regularization coefficient. 
Instead of assigning additional weights to individual comparison pairs, this study applies 
weighting at the loss-term level to balance different supervision sources. The main model 
uses route-label ranking loss and frequency ranking loss as the primary supervision sig-
nals, while the weak-label ranking loss is not activated in the main model. The model 
variant incorporating airport catchment weak labels is implemented by assigning a non-
zero weight to the weak-label loss term. The weighting strategy adopted here reflects the 
different semantic roles of the supervision sources. Route-label ranking provides the pri-
mary supervision target, while flight-frequency information and, in the corresponding 
variant, airport-catchment weak labels provide auxiliary ranking constraints. Therefore, 
fixed loss-term weights are retained to preserve this predefined supervision hierarchy. It 
should also be distinguished from the fusion of the three relational graphs, whose contri-
butions are adaptively learned through the node-level and OD-level softmax relation-at-
tention mechanisms rather than optimized as separate task losses. Training regularization 
is further provided by dropout, gradient clipping, early stopping, and AdamW optimiza-
tion, while stability is assessed through repeated runs with different random seeds. Adap-
tive gradient- or loss-balancing methods may be investigated in future extensions when a 
larger number of heterogeneous supervision objectives are jointly optimized. 

The MR-GAT ranking model is trained using the AdamW optimizer [31]. During 
training, route-label comparison pairs and frequency comparison pairs are sampled using 
mini-batches and jointly contribute to the training loss. For the weak-label variant, airport 
catchment weak-label comparison pairs are also sampled through mini-batches for loss 
computation. After training, the optimal model parameters are selected according to rank-
ing performance on the validation set. External evaluation labels are only used for final 
result assessment and do not participate in parameter updates or model selection. The 
main training configurations are summarized in Table 3. 

Table 3. Training parameter settings of the MR-GAT ranking model. 

Item Setting 
Optimizer AdamW 

Learning rate 1 × 10ି3 
AdamW weight decay 1 × 10ି4 

(L2)regularization weight(λreg) 1 × 10ି6 
Maximum epochs 18 

Early stopping patience 6 epochs 
Graph encoder layers 2 

Attention heads 4 
Node hidden dimension 64 
Graph hidden dimension 128 
Graph output dimension 128 

OD scoring vector dimension 128 
Dropout rate 0.1 

Route-pair batch size 512 
Frequency-pair batch size 768 
Weak-label pair batch size 1024 

λroute 1 
λfreq 0.05 

Maximum(λweak) 0.05 
Weak-label warm-up 3 epochs 
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Weak-label ramp-up 3 epochs 
Gradient clipping norm 2 

In summary, this section develops an MR-GAT ranking model for OD priority rank-
ing and provides a formal description of the graph encoding process, OD scoring mecha-
nism, and pairwise ranking training strategy. Based on the proposed model framework, 
the next section further conducts empirical analyses to evaluate the performance of the 
framework in OD ranking and preliminary candidate screening. 

5. Results and Discussion 
5.1. Experimental Setup and Evaluation Metrics 

This section evaluates the OD ranking performance of the MR-GAT ranking model 
for county-level short-haul route prioritization. Given the OD set EOD, the model outputs 
a ranking score sij for each OD pair (i,j) ∈ EOD, and generates a complete ranking list by 
sorting all OD pairs in descending order according to their ranking scores. The candidate 
set contains 240,350 OD pairs. Therefore, the objective of the experimental evaluation is 
not to determine whether an individual OD pair should be operated as a route, but to 
examine whether known positive-label OD pairs can be concentrated at the top positions 
of the ranking list. 

The experiments follow the data partitioning strategy defined in Section 3. The train-
ing set is used for parameter estimation, the validation set is used for model selection, the 
internal test set is used to report the main ranking performance, and the external evalua-
tion set is used for additional validation. Unless otherwise specified, all results are calcu-
lated based on the ranking results of the complete OD set rather than sampled subsets. 
Let Y ⊂ EOD denote the set of positive-label OD pairs used for evaluation. Let TopK rep-
resent the top-K OD pairs after sorting according to the ranking scores sij. The number of 
positive-label OD pairs retrieved within the top K positions is defined as 

HitY(K) = หTopK∩Yห, (31) 

where HitY(K) represents the number of positive-label OD pairs included in the top-K 
ranking results, and |⋅| denotes the cardinality of a set. The corresponding top-K recall 
is defined as 

RecallY(K) = หTopK∩Yห|Y| , (32) 

where RecallY(K) represents the proportion of positive-label OD pairs retrieved within 
the top-K ranking results relative to the entire evaluation label set Y. This study reports 
top-K recall values for K = 100, 500, 1000, and 2000. To reduce the dependence on a fixed 
K relative to the candidate set size, recall values within the top 1% and top 5% ranking 
ranges are also reported. Let 

Kτ = ඃτหEODหඇ,  τ ∈ {0.01,0.05}, (33) 

RecallY,τ = RecallYሺKτሻ, (34) 

In addition, this study reports the best-rank percentile (BRP) to describe the relative 
position of the highest-ranked OD pair among the evaluation labels within the complete 
ranking list. Let rankij denote the ranking position of OD pair (i,j) in the complete rank-
ing list, where the ranking starts from 1. If rankij = 1, OD pair (i,j) is ranked first. The 
best-rank percentile is defined as 
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BRPY = min
(i,j)∈Y rankijหEODห , (35) 

A smaller BRPY value indicates that at least one OD pair in the evaluation label set 
Y is ranked closer to the top of the complete ranking list. This metric complements top-K 
recall and reflects the ability of the model to identify positive-label OD pairs at the very 
front of the ranking list. 

It should be noted that the training, validation, and internal test partitions refer to 
the partition of observed positive route labels rather than a disjoint partition of the com-
plete candidate OD set. All models generate ranking scores for the same 240,350 candidate 
OD pairs. Among the observed route labels, 231 are used for constructing training super-
vision, 50 are held out for model selection, and 49 are reserved exclusively for internal 
evaluation. 

To further characterize the uncertainty associated with the limited number of held-
out positive route labels, the primary comparison between MR-GAT and XGBoost is ad-
ditionally evaluated using paired bootstrap resampling. For each positive OD, the Top-K 
hit indicator is first aggregated across the ten fixed random seeds for each model. The 
same held-out positive ODs are then resampled with replacement for 10,000 bootstrap 
replications, and the difference in recall between MR-GAT and XGBoost is calculated in 
each replication. The 2.5th and 97.5th percentiles of the bootstrap distribution are reported 
as the 95% confidence interval. This paired design ensures that both models are compared 
on exactly the same held-out positive OD samples. The experimental setup is summarized 
in Table 4. 

Table 4. Experimental setup overview. 

Item Setting 
County units 2837 county units 

Complete OD set 240,350 undirected OD pairs 
Training positive route labels 231 route labels 

Validation positive route labels 50 route labels 
Internal test positive route labels 49 route labels 

External evaluation positive labels 40 external evaluation labels 
Weak-label training set 4983 airport catchment weak labels 

Baseline models Gravity score, XGBoost 
Main model MR-GAT ranking model 

Model variants MR-GAT with weak labels 
Evaluation metrics RecallY(K), BRPY 

Random seeds 

Primary MR-GAT/XGBoost comparison and rela-
tional ablation—10 fixed random seeds: 42, 2025, 

3407, 7, 17, 73, 314, 777, 1024, 4096 
Auxiliary weak-label and aviation-time sensitivity 

analyses—42, 2025, 3407 

The subsequent results are organized into four levels. First, the overall ranking per-
formance of the MR-GAT ranking model is presented. Second, comparisons with baseline 
models are conducted. Third, ablation analyses are performed to investigate the effects of 
weak supervision and relational graph structures. Finally, external evaluation results and 
the characteristics of top-ranked OD pairs are analyzed. 

5.2. Overall Ranking Results of the MR-GAT Model 
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The experimental procedure is as follows. First, the model is trained and ranking 
scores are calculated using the same OD set and label partitions. Second, the optimal 
model parameters are selected according to validation-set performance, and the main 
ranking performance is evaluated using route labels in the internal test set. Third, external 
evaluation labels from general aviation routes and airport catchment weak labels are used 
for supplementary validation. Finally, the top-ranked OD pairs are analyzed in terms of 
label coverage, transport attributes, and spatial distribution. This procedure ensures that 
model comparison, component analysis, and top-ranked candidate analysis are con-
ducted based on the same OD set and consistent evaluation criteria. 

This section evaluates the overall ranking performance of the MR-GAT ranking 
model on the complete OD set. The model first estimates parameters using the training 
set and selects the optimal parameters according to validation-set performance. Then, 
ranking scores are generated for all 240,350 OD pairs, and a complete ranking list is pro-
duced by sorting the scores in descending order. The number of retrieved labels, top-K 
recall, and best-rank percentile within different top-ranked ranges are calculated to eval-
uate the model’s ability to concentrate positive-label OD pairs at the top of the ranking 
list. 

The ranking performance of the MR-GAT ranking model on the internal test set is 
presented in Table 5. The model generates a complete ranking list for 240,350 OD pairs 
and evaluates the ranking results using route labels and airport catchment weak labels as 
evaluation sets. The corresponding hit counts, top-K recall values, and best-rank percen-
tile values are calculated. 

Table 5. Detailed internal-test ranking results of the MR-GAT model under fixed random seed 42. 

Metric Route Labels Airport Catchment Weak Labels 
Number of evaluation labels 49 43 

HitY(100) 0 2 
HitY(500) 5 6 

HitY(1000) 8 9 
HitY(2000) 12 16 

Top-100 recall 0.00% 4.65% 
Top-500 recall 10.20% 13.95% 
Top-1000 recall 16.33% 20.93% 
Top-2000 recall 24.49% 37.21% 
Top-1% recall 24.49% 41.86% 
Top-5% recall 51.02% 81.40% 

BRPY 0.07% 0.00% 

For route labels, the fixed seed-42 model retrieves 5 internal test labels within the Top 
500 OD pairs and retrieves 8 and 12 labels within the Top 1000 and Top 2000 OD pairs, 
respectively. The corresponding Top-1000 and Top-2000 recall values are 16.33% and 
24.49%. For airport catchment weak labels, the model retrieves 2, 9, and 16 labels within 
the Top 100, Top 1000, and Top 2000 ranges, respectively. These detailed results are used 
to characterize one fixed ranking realization rather than the multi-seed average perfor-
mance reported in the subsequent model comparison. 

Overall, the MR-GAT ranking model is able to generate concentrated ranking results 
at the top of the complete OD set. The following sections further examine the relative per-
formance and underlying mechanisms of these ranking results through baseline compar-
isons and ablation analyses. 
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5.3. Baseline Comparison 

All ranking methods generate complete ranking lists based on the 240,350 OD pairs 
constructed in Section 3. To examine whether multi-relational graph structures improve 
the identification capability of high-priority OD pairs at the top of the ranking list, this 
study compares three types of methods: the Gravity score based on scale and distance 
decay, XGBoost based on OD attributes, and the proposed MR-GAT ranking model. 

The Gravity score represents a heuristic ranking method based on traditional spatial 
interaction theory [18]. Its formulation is defined as 

sij
gravity = logሺ1+Miሻ+ log൫1+Mj൯ − γ log൫dij gc൯, (36) 

where Mi and Mj denote the scale variables of the two counties in the OD pair, dij
gc rep-

resents the great-circle distance between the centroids of the two counties, and γ denotes 
the distance decay coefficient. The Gravity score only considers scale and distance infor-
mation and does not incorporate mobility information, ground transportation conditions, 
high-speed rail substitution effects, or multi-relational graph structures. 

XGBoost is used as a feature-based machine learning baseline without graph struc-
ture propagation information [32]. It generates OD scores using the same supervised sam-
ple construction strategy as the training labels and ranks OD pairs according to the gen-
erated scores. The purpose is to examine whether node attributes and OD edge attributes 
alone can achieve effective ranking performance without introducing graph structural in-
formation. The ranking score is formulated as 

sij
xgb = fxgb൫xi,xj,eij൯, (37) 

where xi and xj represent the node attribute vectors of the two counties, eij denotes the 
OD attribute vector, and fxgb(⋅)  represents the scoring function learned by XGBoost. 
XGBoost and MR-GAT use the same node attributes and OD attributes, but XGBoost does 
not utilize the graph structural information contained in the spatial proximity graph, mo-
bility graph, and transport impedance graph. To maintain consistency with the ranking 
task of this study, XGBoost also generates a complete OD ranking list according to the 
ranking scores and is evaluated using the top-K recall metrics defined in Section 5.1. 

Table 6 reports the ranking results of different models on the internal test set and 
external evaluation set. The internal test set uses route labels as the evaluation target, 
while the external evaluation set provides additional validation references. To further 
characterize the concentration of labels within the Top-1000 ranking range, this study in-
troduces the Top-1000 enrichment factor: 

EF(1000) = RecallY(1000)
1000/หEODห , (38) 

This metric represents the multiple of the model’s label recall within the Top-1000 
ranking range relative to the expected recall under random ranking. 

Table 6. Comparison results between the proposed model and baseline methods. 

Model 
Internal Test Set External Evaluation Set 

Top-1000 Recall Top-2000 Recall Top-1000 Enrichment 
Factor 

Top-1000 Recall Top-2000 Recall 

Gravity score * 2.00% 4.10% 4.9 0.00% 0.00% 
XGBoost 7.55% ± 2.73% 12.65% ± 2.32% 18.1 ± 6.6 7.50% ± 2.36% 11.50% ± 3.76% 

MR-GAT ranking model 16.33% ± 2.55% 22.65% ± 2.25% 39.2 ± 6.1 10.50% ± 1.97% 12.75% ± 2.49% 
* Gravity is reported as a deterministic result, whereas XGBoost and MR-GAT are reported as mean 
± standard deviation over ten fixed random seeds. 
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Across ten fixed random seeds, the MR-GAT ranking model achieves mean internal 
Top-1000 and Top-2000 recall values of 16.33% ± 2.55% and 22.65% ± 2.25%, respectively, 
compared with 7.55% ± 2.73% and 12.65% ± 2.32% for XGBoost. The Gravity score achieves 
corresponding recall values of 2.00% and 4.10%. Considering that the Top-1000 range ac-
counts for only approximately 0.42% of the complete candidate set, these results indicate 
that MR-GAT concentrates substantially more held-out route labels near the front of the 
ranking than the two baseline methods. 

The Gravity score considers only county scale and distance decay and therefore pro-
vides limited discrimination within the predefined 200–400 km candidate window. 
XGBoost substantially improves upon the Gravity score by incorporating county- and 
OD-level attributes, indicating that mobility intensity, ground-transport conditions, high-
speed rail connectivity, and estimated aviation time contain useful ranking information. 
MR-GAT further improves the internal ranking performance by incorporating multi-rela-
tional network context in addition to these OD-level attributes. 

Paired bootstrap analysis further supports the observed internal-test advantage of 
MR-GAT over XGBoost. The mean Top-1000 recall difference is 8.78 percentage points, 
with a 95% bootstrap confidence interval of [1.02, 17.35] percentage points. For Top-2000 
recall, the mean difference is 10.00 percentage points, with a 95% confidence interval of 
[1.84, 18.98] percentage points. Both intervals remain above zero. In contrast, the corre-
sponding external-evaluation confidence intervals include zero ([−2.50, 9.00] percentage 
points for Top-1000 recall and [−5.25, 7.50] percentage points for Top-2000 recall). There-
fore, the internal route-label evaluation provides the primary evidence for model compar-
ison, while the external general-aviation evaluation is interpreted as supplementary cross-
scenario evidence. 

5.4. Component Analysis: Weak Supervision and Relational Graph Ablation 

The results in Table 6 show that the MR-GAT ranking model achieves better top-
ranked identification performance on internal test route labels than the Gravity score and 
XGBoost. To further investigate the sources of model performance, this study conducts 
component analysis from two perspectives: supervision information and relational graph 
structure. 

First, the influence of introducing airport catchment weak labels is examined to eval-
uate the contribution of weak supervision information to OD ranking. Second, while keep-
ing other settings unchanged, the spatial proximity graph, mobility graph, and transport 
impedance graph are removed separately to evaluate the marginal contribution of the 
three relational graphs to ranking performance. All experiments use the same OD set, data 
partition, and evaluation metrics. 

Because the weak-label variant is evaluated under the original three-seed protocol, 
Table 7 reports both models using seeds 42, 2025, and 3407 and is interpreted as an auxil-
iary supervision analysis rather than as the primary model comparison. 

Table 7. Three-seed comparison of weak-label auxiliary supervision. 

Model Route Label Top-1000 
Recall Route Label Top-2000 Recall Airport Catchment Weak Labels 

Top-1000 Recall 
MR-GAT ranking model 17.70% ± 2.40% 24.50% ± 0.00% 1.10% ± 0.70% 

MR-GAT with weak labels 17.00% ± 1.20% 22.40% ± 0.00% 2.30% ± 1.90% 

The weak-label variant improves the top-1000 recall on airport catchment weak labels 
from 1.10% to 2.30%, but shows a slight decline when evaluated using route labels. This 
indicates that airport catchment weak labels can enhance the model’s identification of ex-
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isting airport service coverage conditions, but these coverage conditions are not com-
pletely consistent with the existing aviation service relationships reflected by route labels. 
In other words, airport catchment weak labels are more suitable as auxiliary supervision 
signals and explanatory information for service coverage conditions, rather than as a di-
rect replacement for route labels. 

Table 8 further presents the ablation results of the three relational graphs. The full 
model simultaneously incorporates the spatial proximity graph, mobility graph, and 
transport impedance graph. The ablation models remove one type of relational graph sep-
arately while keeping the training settings, data partition, and evaluation metrics un-
changed. This experiment is used to evaluate the marginal contribution of different rela-
tional structures to the top-ranked OD performance. 

Table 8. Ten-seed relational-graph ablation results on the internal test and external evaluation labels. 

Model Relational Graphs 
Route Label Top-

1000 Recall * 
Route Label 

Top-2000 Recall 
External Evaluation La-

bel Top-1000 Recall 
External Evaluation La-

bel Top-2000 Recall 
Full MR-GAT spatial + mobility + transport 16.33% ± 2.55% 22.65% ± 2.25% 10.50% ± 1.97% 12.75% ± 2.49% 

w/o spatial mobility + transport 15.51% ± 1.72% 22.04% ± 1.88% 8.75% ± 1.77% 13.50% ± 2.93% 
w/o mobility spatial + transport 16.12% ± 2.63% 23.06% ± 1.68% 11.25% ± 2.12% 14.50% ± 3.07% 
w/o transport spatial + mobility 15.71% ± 1.68% 22.86% ± 1.61% 10.00% ± 2.04% 12.50% ± 1.67% 

* Values are reported as mean ± standard deviation over ten fixed random seeds. Paired bootstrap 
comparisons are additionally conducted over the same held-out positive ODs. The external evalua-
tion set is treated as supplementary cross-scenario evidence. 

Across ten random seeds, the full MR-GAT model achieves the highest mean internal 
Top-1000 recall of 16.33%. Removing the spatial-proximity, mobility, and transport-im-
pedance relations results in mean Top-1000 recall values of 15.51%, 16.12%, and 15.71%, 
respectively. However, these differences are relatively small compared with the observed 
seed-to-seed variability. Paired bootstrap analysis further shows that the 95% confidence 
intervals for all three internal comparisons between the full model and the relation-re-
moval variants include zero. Therefore, the ablation results do not support a strict statis-
tical ordering of the marginal importance of the individual relational graphs. Rather, they 
indicate that ranking performance is not dominated by a single relation and that different 
relational sources may contain partially overlapping contextual information. 

The external evaluation shows a similar degree of uncertainty. In particular, remov-
ing the mobility relation yields slightly higher mean external recall than the full model. 
However, the corresponding differences are small and are not statistically distinguishable 
under the bootstrap analysis. Therefore, this result should not be interpreted as evidence 
that mobility information adversely affects external generalization. One possible addi-
tional explanation is that the external reference set consists of general-aviation routes, 
whose formation may depend on scenario-specific factors such as tourism-oriented de-
mand, specialized transport tasks, demonstration operations, or local operating condi-
tions and may therefore be less directly aligned with aggregate inter-county mobility than 
regular civil air-service links. Accordingly, the external evaluation is treated as supple-
mentary evidence of cross-scenario generalization rather than as the primary basis for de-
termining the importance of individual relations. 

  



Appl. Sci. 2026, 16, 9299 24 of 31 
 

https://doi.org/10.3390/app16189299 

5.5. Front-End Enrichment and Transport Profiles 

Based on the model comparison and component analysis presented above, this study 
applies the MR-GAT ranking model to rank all 240,350 OD pairs and further investigates 
the label coverage and transportation characteristics of top-ranked OD pairs. The ranking 
profiles presented in this section are generated using the fixed seed-42 model run, con-
sistent with the detailed results reported in Table 5, whereas the primary model compar-
ison in Table 6 is based on results aggregated over ten random seeds. Therefore, the fol-
lowing analysis is intended to describe the structural and transportation characteristics of 
one fixed ranking realization rather than the average ranking across repeated runs. 

Table 9 presents the label hits and transportation characteristics across different top-
ranked sets. As the ranking range expands from Top 100 to Top 5%, the number of hits 
for route labels, external evaluation labels, and airport catchment weak labels gradually 
increases. Within the Top 500 OD pairs, the model retrieves 5 route labels and 4 external 
evaluation labels. Within the Top 1000 OD pairs, the model retrieves 8 route labels and 5 
external evaluation labels. Considering that the Top 1000 ranking range accounts for only 
0.42% of the complete OD set, these results indicate that the model achieves a certain de-
gree of label enrichment at the top of the ranking list. 

Table 9. Label hits and transportation characteristics across different ranking ranges. 

Top Set Cand. Share Test Hits External 
Hits 

Catchment-
Label Hits 

Avg. 
GCD/km 

Ground h Air Proxy h Gap h HSR Share 

Top 100 0.04% 0 1 44 348.88 6.73 1.09 5.64 0
Top 500 0.21% 5 4 185 341.96 6.45 1.07 5.38 0.018

Top 1000 0.42% 8 5 305 330.28 6.22 1.03 5.19 0.03
Top 2000 0.83% 12 7 538 326.07 5.96 1.02 4.94 0.047
Top 1% 1.00% 12 8 618 325.15 5.86 1.02 4.84 0.052
Top 5% 5.00% 25 16 1939 319.45 5.32 1 4.32 0.073

From the perspective of transportation characteristics, the average ground travel 
times of the Top 100, Top 500, and Top 1000 OD pairs are 6.73 h, 6.45 h, and 6.22 h, respec-
tively, which are substantially higher than the corresponding estimated air travel time 
values. For the Top 1000 OD pairs, the average numerical difference between ground 
travel time and estimated air travel time is 5.19 h. This difference should not be interpreted 
as an actual passenger door-to-door time saving from air transport. The ground and avi-
ation time variables are constructed under different mode-specific measurement conven-
tions and do not consistently include access, waiting, terminal, and other components of 
the complete travel chain. Rather, the observed difference indicates that high-ranking OD 
pairs tend to combine relatively high road-network travel impedance with relatively short 
estimated airborne travel time. As the ranking range expands to the Top 5%, both the 
average ground travel time and the corresponding time difference decrease. This pattern 
suggests that the model tends to prioritize OD pairs with relatively unfavorable ground-
transport conditions, rather than simply the geographically shortest connections. 

To examine whether the simplified aviation-time specification materially affects the 
ranking results, an additional sensitivity analysis was conducted by uniformly adding 0.5 
h, 1.0 h, and 1.5 h to the estimated air travel time, corresponding to progressively more 
conservative assumptions regarding non-cruise aviation time. Using the three original 
random seeds (42, 2025, and 3407), the mean internal Top-1000 and Top-2000 recall re-
mained unchanged at 17.69% and 24.49%, respectively, under all three scenarios. The Top-
1000 candidate-set overlap with the original ranking remained between 99.63% and 
99.73%, while the Spearman rank correlation exceeded 0.99996 in all cases. These results 
indicate that the resulting ranking is highly insensitive to uniform additions of up to 90 
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min to the estimated air travel time. This sensitivity analysis does not convert the aviation-
time measure into a complete door-to-door travel-time measure; rather, it shows that the 
main ranking results are robust to substantial uniform perturbations of this simplified 
time proxy. 

The proportion of high-speed rail connectivity further reflects the transportation sub-
stitution conditions of top-ranked OD pairs. No high-speed rail-connected OD pairs are 
identified within the Top 100 set. The proportion of high-speed rail-connected OD pairs 
is 0.030 within the Top 1000 set and only 0.073 within the Top 5% ranking range. These 
results indicate that high-ranking OD pairs are more likely to occur in county-level con-
nections with limited direct high-speed rail connectivity or insufficient high-speed ground 
transportation alternatives. Since the high-speed rail variable in this study is mainly con-
structed based on train service identification, it does not fully incorporate station access 
conditions, service frequency, ticket prices, or transfer conditions. Therefore, this result 
only indicates that top-ranked OD pairs have relatively low direct high-speed rail connec-
tivity and should not be interpreted as a final assessment of comprehensive air–rail com-
petition. 

Airport catchment weak labels also show a certain degree of concentration at the top 
of the ranking list. Among the Top 1000 OD pairs, 305 airport catchment weak labels are 
retrieved, while 1939 are retrieved within the Top 5% ranking range. This indicates that 
after ranking based on route labels, mobility relationships, and transport impedance rela-
tionships, the model can still identify a subset of OD pairs with existing airport service 
coverage conditions. This result complements the weak-label analysis in Section 5.4: air-
port catchment weak labels are not suitable as direct substitutes for route labels, but they 
can provide auxiliary information for interpreting the service coverage characteristics of 
top-ranked OD pairs. 

Overall, the MR-GAT ranking model places OD pairs with existing interaction foun-
dations, relatively high ground transportation impedance, low direct high-speed rail con-
nectivity, and certain airport accessibility conditions at the top of the ranking list. From a 
planning perspective, the value of this result is not to directly determine whether a route 
should be operated, but to reduce more than 240,000 OD pairs into a smaller priority eval-
uation set. This provides a basis for subsequent assessment incorporating takeoff and 
landing infrastructure, airspace constraints, aircraft capabilities, operational costs, and lo-
cal demand conditions. 

5.6. Spatial Patterns and Representative ODs 

Based on the analysis of label retrieval and transportation characteristics at the top of 
the ranking list, this section further examines the spatial distribution of high-priority OD 
pairs. Figure 2 presents the spatial distribution of the Top 1000 OD pairs and the frequency 
of endpoint provinces. Overall, high-ranking OD pairs are not uniformly distributed 
across space but instead show clear regional concentrations. These clusters are mainly ob-
served in regions including Xinjiang, Yunnan, Inner Mongolia, areas surrounding the 
Qinghai–Tibet Plateau, southern Northeast China, the Shandong Peninsula, Guangdong–
Guangxi region, and Sichuan. 

To illustrate the label coverage of the Top 1000 OD pairs, Figure 2 classifies the 
ranked OD pairs into four categories: route-label hits, external evaluation label hits, air-
port catchment weak-label hits, and unmatched OD pairs. The first three categories indi-
cate that the corresponding OD pairs are included in the internal test route labels, external 
evaluation labels, and airport catchment weak labels, respectively. The unmatched cate-
gory only indicates that an OD pair is not covered by the current label system and does 
not imply that it lacks potential value for short-haul air services. 
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Figure 2. Spatial distribution and endpoint provinces of the Top 1000 ODs: (a) spatial distribution 
of the Top 1000 ODs, classified as observed aviation-service hits, external general-aviation hits, ser-
vice-area hits, and unmatched ODs; (b) provinces with the highest endpoint frequencies among the 
Top 1000 ODs. 

From the perspective of spatial distribution, the Top 1000 OD pairs show concentra-
tions in western regions, border areas, regions surrounding high-altitude plateaus, and 
areas with intensive regional interactions. Combined with the transportation profile anal-
ysis in Section 5.5, high-ranking OD pairs in Xinjiang, Yunnan, Inner Mongolia, and areas 
surrounding the Qinghai–Tibet Plateau are often associated with longer ground travel 
times, limited direct high-speed rail connectivity, or substantial ground detour effects. In 
contrast, high-ranking OD pairs in the Shandong Peninsula, Guangdong–Guangxi region, 
Sichuan, and southern Northeast China mainly reflect strong regional interaction founda-
tions and cross-regional connectivity demands. The endpoint province frequency shown 
in Figure 2 further indicates that Xinjiang, Yunnan, Liaoning, Inner Mongolia, Guangdong, 
Shandong, Shaanxi, and Sichuan have relatively high occurrence frequencies among the 
Top 1000 OD pairs. This suggests that highly ranked OD pairs are not confined to remote 
areas with accessibility constraints, but also occur in regions characterized by relatively 
strong inter-county interaction intensity. 

To facilitate interpretation of the practical implications of top-ranked OD pairs, this 
study further provides a descriptive classification of selected high-priority OD pairs based 
on label coverage and major transportation characteristics. It should be emphasized that 
these categories are not directly generated by the model, but are post hoc classifications 
derived from ranking results, label coverage, and transportation characteristics. Table 10 
presents several representative high-priority OD pairs and categorizes them into four 
groups: route-label-hit type, ground-transport compensation type, airport service cover-
age type, and enhanced regional interaction type. 
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Table 10. Representative high-priority OD pairs. 

Type 1 OD Rank GCD/km Ground h Air Proxy h HSR Flow Label 

Observed hit Aral City–Korla City 2 389.28 7.03 1.22 0 503.5 
route + catch-

ment 

Observed hit Hotan City–Aksu City 3 370.04 7.24 1.16 0 572.2 
route + catch-

ment 

Observed hit Yining City–Karamay District 8 319.67 6.99 1 0 338.4 
route + catch-

ment 
Ground-compensation Golmud City–Amdo County 5 308.94 25.06 0.97 0 2797.3 unmatched 2 

Ground-compensation 
Hami City–Subei Mongolian 

Autonomous County 
12 313.6 6.03 0.98 0 1021.4 unmatched 

Ground-compensation Golmud City–Qumalai County 14 249.28 8.95 0.78 0 926.7 unmatched 

Catchment-label hits 
Kuqa City–Shayibake District 

of Urumqi City 
1 393.89 8.98 1.23 0 620 catchment 

Catchment-label hits Shihezi City–Yining City 4 381.63 6.5 1.19 0 459.5 catchment 

Mobility-enhanced 
Mengla County–Guandu Dis-

trict of Kunming City 
7 397.29 7.45 1.24 0 721.3 unmatched 

Mobility-enhanced 
Xifeng District of Qingyang 
City–Chengguan District of 

Lanzhou City 
19 344.99 5.61 1.08 0 580.9 unmatched 

1 The categories in the Type column are descriptive post hoc classifications rather than model-gen-
erated classes. 2 Unmatched indicates only that the OD is not covered by the current label system 
and does not imply the absence of potential short-haul air-service value. 

Table 10 shows that the top-ranked OD pairs include not only OD pairs matching 
route labels, but also OD pairs matching airport catchment weak labels and unmatched 
OD pairs that are not covered by the current label system. For route-label-hit OD pairs, 
OD pairs such as Aral City–Korla City, Hotan City–Aksu City, and Yining City–Karamay 
District are ranked among the top positions, indicating that the model can identify some 
route-label OD pairs that are not included in the training set. 

OD pairs such as Kuqa City–Shayibake District of Urumqi City and Shihezi City–
Yining City match airport catchment weak labels. This indicates that these connections 
have certain airport service coverage conditions; however, this label does not imply that 
these OD pairs have already formed actual air routes. 

For unmatched high-ranking OD pairs, this study does not interpret them as direct 
route-opening recommendations. Instead, they are regarded as candidate objects that are 
not covered by the current label system but receive relatively high ranking scores from 
the model. For example, OD pairs such as Golmud City–Amdo County and Golmud City–
Qumalai County exhibit long ground travel times and large differences between ground 
travel time and estimated aviation travel time, indicating strong ground transportation 
compensation characteristics. OD pairs such as Mengla County–Guandu District of Kun-
ming City and Xifeng District of Qingyang City–Chengguan District of Lanzhou City 
show certain population mobility foundations and represent enhanced regional interac-
tion characteristics. These OD pairs still require further evaluation considering takeoff and 
landing infrastructure, operational organization, local demand conditions, and cost–ben-
efit factors. 

Overall, high-priority OD pairs do not simply correspond to county pairs with the 
largest population scale, shortest distance, or strongest existing airport coverage condi-
tions. Instead, the observed ranking patterns reflect a combination of inter-county mobil-
ity, ground-transport impedance, and the difference between ground travel time and the 
estimated air-time proxy. The spatial distribution and representative OD analysis further 
indicate that the ranking results may reflect both strong ground transportation compen-
sation demand and existing regional interaction foundations. Therefore, the OD ranking 
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results should be interpreted as preliminary inputs for subsequent market research and 
operational feasibility assessment rather than direct route-opening decisions. 

5.7. Limitations and Future Research 

This study has several limitations. First, route labels, airport catchment weak labels, 
and external evaluation labels cannot directly represent future demand for low-altitude 
aviation or emerging short-haul air services. They only provide indirect references based 
on existing civil aviation routes, observed airport service coverage relationships, and se-
lected general aviation routes. Second, the travel-time variables used in this study are sim-
plified, mode-specific representations of transport impedance rather than complete door-
to-door travel times. Ground travel time is based on road-network routing between 
county-level representative locations, while high-speed rail travel time mainly represents 
train running time and does not consistently incorporate station access, waiting, transfer, 
and egress processes. The estimated air travel time is calculated from great-circle distance 
and an assumed cruise speed and therefore does not include access and egress travel, ter-
minal processing, waiting time, security procedures, takeoff and landing processes, turn-
around time, or weather effects. The aviation-time variable is consequently more idealized 
than the observed road and rail time measures. For this reason, the relative time indicators 
and the differences reported in this study should be interpreted as screening-oriented 
transport-impedance measures rather than actual passenger door-to-door time savings or 
a complete assessment of modal competitiveness. A more comprehensive multimodal 
comparison would require consistent door-to-door generalized travel-time and cost data 
for all transport modes. Third, this study does not evaluate operational and economic fea-
sibility. Whether an OD pair can support actual air service also depends on aircraft range 
capability, takeoff and landing facilities, operational support capacity, route organization, 
and cost–benefit conditions. Fourth, the number of positive labels available for evaluation 
remains limited. The internal test set contains 49 positive route labels, while the external 
evaluation set contains 40 positive general-aviation OD labels. Although the ten-seed eval-
uation and paired bootstrap analysis provide additional characterization of result uncer-
tainty, the statistical evidence remains conditional on the currently available observed 
aviation relationships. Therefore, the reported performance differences should be inter-
preted within the scope of the present evaluation sets and should not be generalized to 
broader future route-demand conditions without additional operational observations. 

Future research can be extended in two directions. First, more comprehensive avia-
tion operational data can be incorporated, including flight frequency, passenger volume, 
ticket prices, load factors, access time, waiting time, service frequency, and travel costs, to 
improve the explanatory capability of labels and impedance-related variables. Second, the 
OD ranking results can be further integrated with takeoff and landing location planning, 
airspace conditions, aircraft configuration, and cost–benefit analysis to establish a com-
plete workflow from preliminary candidate screening to operational feasibility evaluation. 
Future work may also investigate adaptive gradient- or loss-balancing strategies when 
additional heterogeneous supervision signals are jointly incorporated. 

6. Conclusions 
This study develops a multi-relational graph ranking framework for county-level 

candidate short-haul route screening in the early development stage of low-altitude pas-
senger services. Unlike existing studies focusing on air passenger demand forecasting or 
individual route opening decisions, this study formulates the research task as OD priority 
ranking, aiming to identify county-level OD pairs that deserve further investigation in 
market analysis, route assessment, takeoff and landing site planning, and operational fea-
sibility evaluation. Based on 2837 county units and 240,350 undirected OD pairs within 
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the 200–400 km distance range, this study integrates county node attributes, population 
mobility, ground transportation impedance, high-speed rail substitution conditions, esti-
mated aviation travel time variables, and proxy aviation labels. Three relational graphs, 
including the spatial proximity graph, mobility graph, and transport impedance graph, 
are constructed, and the MR-GAT ranking model is applied to generate OD priority rank-
ings. 

The ten-seed experimental results show that the MR-GAT ranking model achieves 
higher internal top-ranked route-label retrieval performance than the Gravity and 
XGBoost baselines. Paired bootstrap analysis further supports the internal recall ad-
vantage of MR-GAT over XGBoost under the current held-out sample. In contrast, the 
relational-graph ablation analysis shows relatively small differences among the full and 
relation-removal configurations, and the corresponding bootstrap confidence intervals do 
not support a strict statistical ordering of the marginal importance of individual relations. 
These results suggest that the value of the multi-relational framework lies in integrating 
multiple sources of contextual information rather than relying on a single dominant rela-
tional structure. 

The aviation-time sensitivity analysis further shows that the main ranking results re-
main highly stable when 30–90 min are uniformly added to the estimated air travel time. 
This robustness does not imply that the variable represents complete door-to-door avia-
tion travel time, but indicates that the ranking is not driven by the specific simplified avi-
ation-time assumption adopted in the baseline setting. The external general-aviation eval-
uation shows greater uncertainty than the internal route-label evaluation and is therefore 
interpreted as supplementary cross-scenario evidence. Airport catchment weak labels 
provide auxiliary information for identifying OD pairs with existing airport service cov-
erage conditions, but they do not consistently improve route-label ranking performance 
and therefore should not replace observed route labels as the primary supervision source. 

Overall, the experimental results support the research objective proposed in the In-
troduction. First, the proposed framework can generate differentiated priority rankings 
among a large number of county-level OD pairs and concentrate a portion of held-out 
route labels near the front of the ranking list. Second, the comparison with non-graph 
baselines indicates that incorporating multi-relational network context can improve the 
retrieval of observed regular air-service relationships beyond the use of OD-level attrib-
utes alone. Third, the ablation results indicate that the contribution of individual relational 
graphs should be interpreted cautiously because their marginal effects are small relative 
to the uncertainty observed in the current evaluation. Therefore, the empirical evidence 
supports the usefulness of multi-relational integration as a whole rather than a strict im-
portance ordering among the spatial, mobility, and transport-impedance relations. 

It should be emphasized that the ranking results only represent the relative priority 
of OD pairs for subsequent research and evaluation, and do not indicate passenger de-
mand levels, route opening probabilities, or operational feasibility. Therefore, the pro-
posed multi-relational graph ranking framework is more appropriately regarded as a pre-
liminary identification tool within the low-altitude passenger service planning process. It 
can reduce the candidate search space and determine priority objects for further investi-
gation, while subsequent assessments should incorporate aircraft performance, infrastruc-
ture conditions, airspace operation constraints, cost–benefit considerations, and market 
demand analysis. More broadly, the framework illustrates how multi-source mobility and 
transport-system data can be organized into an analytical screening tool for planning 
problems in which the number of potential connections substantially exceeds the number 
of directly observed services. The statistical evidence reported in this study is also condi-
tional on the limited number of currently observed positive aviation relationships. 
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