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A novel untapped flight segment flow prediction framework based on graph deep 

learning and heuristic algorithm for sustainable transport development 

Abstract 

This study explores a novel machine learning framework for predicting the flow of untapped flight 

segments, focusing on the unique challenges posed by the absence of historical flow data in airline 

networks. Utilizing a real-world datasets from a major airline, we evaluate the performance of a graph 

deep learning-based approach that combines Multi-Graph Attention Networks (MGAT) and Long Short-

Term Memory (LSTM) networks, as well as Nondominated Sorting Genetic Algorithm II. The results 

demonstrate that the proposed framework significantly outperforms traditional models in accurately 

predicting passenger flow for new flight segments, particularly when compared to statistical 

benchmarks like time-series models that rely on historical flow data. Moreover, we find that optimizing 

the affinity coefficients within MGAT using the NSGA- II not only enhances predictive accuracy but 

also improves the interpretability of the model. Finally, we provide an in-depth analysis of the key factor 

that influence the predicted outcomes, highlighting the critical role of market competition in untapped 

segment operations. 

Keywords: Flow Prediction; Heuristic Algorithm; Multi-Graph Attention Networks; Spatial-Temporal 

Dimension; Untapped Flight Segment 

1 Introduction 

In the aviation industry, predicting transportation flow is crucial for optimizing resource allocation 

and supporting sustainable development. Transportation flow in this paper refers to the passenger 

demand. Accurate flow forecasting, particularly for new flight segments, enables airlines to strategically 

open new routes and capture new markets (Suh & Ryerson, 2019). With the aviation sector rapidly 

recovering post-pandemic, passenger volumes have reached pre-pandemic levels, and the flow for air 

travel continues to rise. For example, according to America Airlines, passenger volumes in late 2023 

exceeded those of 2019, highlighting the potential for new market opportunities (Suh & Ryerson, 2019). 

Airlines frequently explore untapped routes, which are routes not previously operated by them but 

possibly served by competitors1 . These routes present significant business opportunities, but many 

airlines still rely on flight tests and operator experience to make these decisions. Although it is easy to 

implement, these traditional approaches lack the precision required to accurately assess the profitability 

of new routes and inform effective scheduling decisions (J. Yu, 2021). This underscores the need for 

more accurate and data-driven flow forecasting tools. 

Currently, there has been increasing interest in air traffic flow prediction (Cai, Shen, Luo, & Li, 

2023; Yan, Yang, Wu, & Lin, 2023). Existing air traffic flow prediction methods are generally 

categorized into model-driven and data-driven approaches (Cai et al., 2023; Yan et al., 2023). Model-

driven methods, such as gravity model (Birolini, Jacquillat, Cattaneo, & Antunes, 2021) and global 

vector autoregressive (GVAR) model (Gunter & Zekan, 2021), require defining numerous influencing 

1 https://airwaysmag.com/how-airlines-launch-new-routes/ 



factors, which complicates model construction and may limit accuracy. Data-driven approaches 

generally based on historical time series data (Gui, Zhou, Wang, Liu, & Sun, 2020; Z. Zhang et al., 

2020). It have harnessed the power of machine learning to predict traffic flow (Lv, Lv, Cheng, Zhu, & 

Rashidi, 2023), including air traffic flow prediction (Xu, Pang, & Liu, 2023), which has the capacity to 

decipher intricate patterns and relationships, enabling more flexible modeling of complex air traffic 

system (Yan et al., 2023). However, for untapped flight segments, the lack of historical data presents a 

significant challenge, as it prevents the direct construction of time-series models traditionally used in 

these methods (Caserta & D’Angelo, 2024). To our knowledge, most recent studies only focus on the 

existing flight segment flow prediction (Gui et al., 2020; Z. Zhang et al., 2020), and there is little 

research that concentrates on predicting the flow of untapped flight segment. 

To address this challenge, this study proposes a novel framework specifically designed to predict 

flow for untapped flight segments in the absence of historical data. Drawing inspiration from the work 

of Quan, Liu, Dou, Xiong, and Ge (2012), which utilized graph attention networks (GAT) for location 

optimization in the hospitality industry, we adapt this concept to the aviation context. We analogize the 

prediction of untapped flight segment flow to a recommendation problem, where GAT is employed as 

the foundational module of our framework. GAT excels in learning the importance of connections 

between nodes and integrating neighborhood information, making it suitable for capturing complex 

relationships within air traffic networks (S. Liu & Jiang, 2022; C. Zhang, Yu, & Liu, 2019).  

Given that flight segments with similar characteristics but no direct connections may still share 

important passenger flow patterns, we introduce a multi-graph structure within the GAT framework. 

This structure allows the model to draw relevant information from these related segments, effectively 

enabling it to infer the likely flow for untapped segments by learning from the available data of similar, 

existing segments (L. Liu et al., 2022). Indeed, there have been many studies showing that the multi-

graph can describe graph information better than single graph (Chai, Wang, & Yang, 2018; Lee & Rhee, 

2022; M. Liang et al., 2022), but the research on multi-graph on GAT (MGAT) may be insufficient.  

Furthermore, to effectively mine both spatial and temporal information, we integrate Long Short-

Term Memory (LSTM) networks into the framework. LSTM is particularly well-suited for capturing 

temporal dependencies, which is essential given the dynamic nature of passenger demand over time. 

Recently, spatial-temporal dependencies of transportation networks have received a lot of attention (C. 

Zhang et al., 2019), and many expanded machine learning methods have been presented, including TS-

STNN (Lv et al., 2023), CNN-LSTM (Crivellari, Beinat, Caetano, Seydoux, & Cardoso, 2022), STGCN 

(Huo et al., 2023; B. Yu, Yin, & Zhu, 2017) and so on. These methods advance the development of 

machine learning algorithm on the data-driven approach. However, they generally partition the dataset 

from the temporal dimension, which requires the historical flow data of all nodes on graph structure. 

Recognizing the limitations of existing data partitioning methods, we propose a new dataset partitioning 

strategy in our framework that does not rely on historical flow data for untapped segments. 

Finally, to optimize the parameters within the MGAT, we employ the Nondominated Sorting 

Genetic Algorithm II (NSGA-Ⅱ). Multi-graph structure usually involves the problem of relevant 

parameters assign (Lee & Rhee, 2022; M. Liang et al., 2022), but it is challenging to assign the optimal 

parameters combination manually. There have been some studies which demonstrated that introducing 

genetic algorithm (GA) into graph convolution network (GCN) can enhance the algorithm performance 

(Y. Liu, Liu, & Li, 2022). However, they only applied GA to optimize the general parameters of GCN, 

such as network architecture and other hyperparameters, which did not make the results interpretable. 

This study introduce NSGA-Ⅱ to automatically and effectively determine the optimal parameters, 

particularly for the integrated affinity degree in the association graph, making the model’s outputs 

interpretable and robust. 

The contribution of this work lies in the following aspects. 



1) Addressing the historical flow data challenge: The proposed MGAT-LSTM-NSGA-Ⅱ 

framework directly tackles the challenge of predicting flow for untapped flight segments. 

specifically, multi-graph structure is introduced in MGAT component to mine the spatial 

dependence by constructing topology graph and association graph simultaneously, LSTM 

component aims to capture the temporal change information from historical data of existing 

routes. 

2) Innovative data partitioning approach: We introduce a novel data partitioning strategy that 

allows the model to operate effectively without relying on historical data, addressing a key 

limitation of existing data-driven approaches. 

3) Improved interpretability and optimization: By defining and optimizing the integrated affinity 

degree within the association graph using NSGA- Ⅱ, our framework not only improves 

prediction accuracy but also enhances interpretability, offering insights into the key factors 

influencing flow on untapped routes.  

The innovative approach allows airlines to make informed decisions on route expansion, reducing 

reliance on costly and environmentally unfriendly flight tests, and promoting the sustainable 

development of air transportation (Y. Liang et al., 2023). 

The rest of the paper is organized as follows. Section 2 reviews existing research related to our 

work. Section 3 defines the problem of untapped flight segment flow prediction. Section 4 presents the 

proposed methodology. Section 5 evaluates the proposed approach through experiments and analyze the 

influence of node features on the results. Section 6 discusses the results and makes conclusions. 

2 Literature review 

In this section, we briefly review the recent literature relevant to our work, including air traffic 

flow prediction, which is the main problem this paper focusing on, and graph deep learning in traffic 

prediction which is the key methodology this paper adopting. Finally, we conducted a summary and 

analysis of the key relevant literature.    

2.1 Air traffic flow prediction 

The prediction of air traffic flow is meaningful for air traffic planning (Leandro, Andrade, & 

Kalakou, 2021), so that many studies on aviation networks optimization take air traffic forecasting as 

an important part (Birolini et al., 2021). From perspective of the prediction area, air traffic flow 

prediction can be divided into four levels, including sector, route, route points and airport (Cai et al., 

2023). This paper mainly focuses on the air traffic flow prediction of route to provide advice for new 

airline routes operation decision.  

From a supply and demand perspective, the variables considered in the prediction model are 

roughly divided into two categories: supply-related data and demand-related data (Hsiao & Hansen, 

2011). Some studies consider supply-related data as the forecasting model input, where the supply-

related data refers to the segments historical data generated by flights or other flight features (Birolini 

et al., 2021). For example, Cai et al. (2023) presented a multi-step spatial-temporal prediction model 

based on historical fight flow data. However, they ignore the influence of market feature.  

Recently, numerous researchers have pay attention to the influence of socio-economic and 

geographical data, which refers to the statistics of demand-related data (Birolini et al., 2021). For 

example, J. Yu (2021) proposed the flight segments forecasting model, combining the historical price 

and demand of flight segment. Birolini et al. (2021) presented an empirical model to estimate passenger 

demand, considering segments historical data as well as other socio-economic and geographical data, 

like population, GDP and distance. Leandro et al. (2021) concluded the important variables in prediction 

model, including GDP, population, importance of tourism, and cost of ticket. Gui et al. (2020) built two 



traffic flow prediction models, considering impact factors of holiday, season, and average flow. Marazzo, 

Scherre, and Fernandes (2010) investigated the relationship between air transport demand and GDP. 

These studies capture the socio-economic and geographical data, which can take market features 

into account (Birolini et al., 2021). However, the competition factor is not considered. Besides, they 

only focus on the problem of existing flight segment flow prediction, and most studies need historical 

data for model calibration (T. Li & Wan, 2019; Yan et al., 2023), ignoring the untapped flight segment 

prediction. 

2.2 Graph deep learning in traffic forecasting   

Deep learning has been widely used in traffic forecasting (Chang, Wu, Correia, Sun, & Feng, 2022; 

Makridakis et al., 2023). Especially, due to the complexity of spatial relationships and temporal 

dependencies, graph deep learning has attracted a lot of attention recently (Ta et al., 2022). In essence, 

the transportation network is a graphic organization, it is appropriate to express the traffic network as 

a graph mathematical form (Ye, Zhao, Ye, & Xu, 2022). Literature has pointed out that it is difficult to 

capture complex nonlinear correlations in traffic flow forecast based on traditional methods (Gui et al., 

2020), while neural networks are capable to model high non-linearity and complex patterns inside time 

series data (F. Zhang, Fleyeh, & Bales, 2020). Therefore, more and more studies research on traffic 

forecasting based on graph deep learning, for instance, Graph convolutional networks (GCN) and its 

expanded algorithm have been applied widely in air traffic flow prediction to capture spatial 

dependencies in graphs (Huo et al., 2023; Lv et al., 2023). 

As one of the most popular graph deep learning methods, GCN was first proposed by Kipf and 

Welling (2016). Many studies have applied GCN to traffic forecasting (J. Zhang, Chen, Cui, Guo, & 

Zhu, 2021). Currently, researchers have considered on other factors additional to the distance 

information in traffic networks, so that multi graph convolutional networks (MGCN) came into been 

(Lee & Rhee, 2022). Geng et al. (2019) presented MGCN for generic spatiotemporal forecasting by 

constructing three separate graphs, geo-distance graph, POI similarity graph and road network graph. 

Lee and Rhee (2022) incorporated distance graph, direction graph and positional relationship graph into 

GCN, and defined a set of partition filters to learn information. M. Liang et al. (2022) presented an 

advanced MGCN to take full advantage of the correlations of traffic flow in maritime graph, which 

includes distance graph, interaction graph, and correlation graph. However, most of them focus on the 

problem of node prediction, which is inconsistent with the route flow forecasting in this paper. 

According to a novel idea of graph construction proposed by J. Yu (2021), we regard flight segments as 

nodes and the association between flight segments as arcs. Different from existing literature, distance 

graph is not considered in this paper, but association graph and topology graph are considered. 

In addition, GAT is also frequently used in the traffic forecasting, due to its effectiveness in 

computing the pair-wise attentional correlations (Velikovi et al., 2017). Compared with GCN, the 

attention mechanism in GAT is more appropriate for dealing with the relationship between 

geographically unrelated segments (Tang, Sun, Sun, Peng, & Gan, 2020). Many researchers have 

applied GAT to mine the complex spatial correlations within the traffic network (Tang et al., 2020; C. 

Zhang et al., 2019; K. Zhang, He, Zhang, Lin, & Li, 2020). GAT focuses on the features of neighbor 

nodes instead of geographical relationship (Tang et al., 2020). Therefore, to capture the information of 

both node features relationship and geographical relationship, multi-graph attention networks need to 

be considered. However, to our knowledge, there is few research on introducing multi-graph definition 

into GAT. Huang, Luo, Cao, Wen, and Zhong (2022) followed with interest with the multi-aspect traffic 

data and proposed three graph embeddings by specific graph attention designs, where the adaptively 

coupled is adopted according to graph embeddings’ respective importance to prediction. Therefore, we 

compared our proposed method with Huang et al. (2022), and the results of numerical studies based on 



the real-world dataset from airline in China show that our MGAT outperforms that developed in Huang 

et al. (2022).  

To integrate the temporal information as well as spatial information, the spatial-temporal integrated 

deep learning frameworks have been presented (Chang et al., 2022; B. Yu et al., 2017). For example, 

Lv et al. (2023) presented a spatial–temporal neural network based on tree structure for air traffic flow 

prediction. J. Zhang et al. (2021) proposed a deep learning architecture based on GCN and LSTM to 

forecast short-term passenger flow. On top of that, with the development of deep learning, some studies 

have combined heuristic algorithm and deep learning algorithm to optimize the results (Fei, Wu, Zhang, 

Zhang, & Chen, 2022; Lu et al., 2020). For instance, Y. Liu et al. (2022) applied Genetic algorithm to 

GCN to achieve automatic search of architecture and hyperparameters. These developments in graph 

deep learning are enlightening to this paper. However, these existing spatial-temporal integrated graph 

deep learning approaches belongs to the historical data-based method (H. Li, Jiao, & Yang, 2023), which 

can not directly solve the flow prediction of untapped flight segment due to the lack of historical data 

of untapped flight segments. Besides, the methods based on graph deep learning and heuristic 

algorithms do not attempt to make the results interpretable. 

2.3 Overview and analysis of relevant research    

To highlight the contributions of this study, we have compared our work with the most relevant 

literature, as shown in Table 1. Due to the limited research on air traffic flow prediction, we have also 

included some recent studies on traffic flow prediction for comparison. 

Table 1. Overview of recent key literature  

Author 
Prediction 

Target 
Input data Methods and models 

Spatial-temporal 

dependency 

Multi-graph 

structure 

Model 

interpretability 

Gui et al. 

(2020) 

Existing 

flight 

segment 

Holiday, season, 

historical average flow 
LSTM × × × 

J. Yu 

(2021) 

Existing 

flight 

segment 

Historical price and 

demand data 
GCN &LSTM √ × × 

Birolini 

et al. 

(2021) 

All flight 

segment 

Historical flow data, 

demographic, geographic 

and economic variables, 

flight frequency 

Gravity model (GM) × × √ 

Leandro 

et al. 

(2021) 

All O/D 

pairs 

GDP, population, 

importance of tourism, 

ticket price. 

Multivariate liner 

regression (MLR) & 

generalized linear 

models (GLM) 

× × √ 

J. Zhang, 

Chen, 

Cui, Guo, 

& Zhu, 

2021 

Passenger 

flow of 

existing 

traffic 

route 

Historical inflow, weather 

condition, air quality 

Residual network, 

GCN and LSTM 
√ 

× 

 
× 

Huang et 

al. (2022) 

Existing 

traffic 

prediction 

Historical graph signals 

data, like traffic volume, 

speed and density. 

Multi-relational 

synchronous graph 

attention network 

(MSGAT) 

√ 

Channel, 

temporal 

and spatial 

relations 

× 

 

Cai et al. 

(2023) 

Existing 

sector flow 

Historical fight flow data 

and airspace data 

Temporal attention & 

spatial dual- graph 

convolution 

√ 

Adjacency 

graph & 

origin-

destination 

graph 

× 

Lv (Lv et 

al., 2023)  

Traffic 

flow of 

existing 

target 

Historical flow data 

Spatial–temporal 

neural network based 

on tree structure 

√ × × 



location 

This 

paper 

All flight 

segment 

Historical flow of 

existing flight segment, 

geographic and economic 

variables, flight 

frequency, and 

competition metric 

NSGA II- 

MGAT-LSTM 
√ 

Topology 

graph & 

association 

graph 

√ 

 

From this comparison, it becomes evident that existing model-driven approaches, such as GM and 

MLR, although capable of predicting new flight segment flows with good interpretability, failing to 

capture information from both spatial and temporal dimension. On the other hand, data-driven models 

primarily based on machine learning methods, like GCN. While many of these studies have focused on 

the spatial-temporal structure of traffic, enabling better modeling, most of them regarded problem as an 

time series model, which can only be used if enough historical data exists (Caserta & D’Angelo, 2024), 

making them unsuitable for predicting future flows of new flight segment lacking historical data. 

Additionally, only a few studies have employed multi-graph structures to better represent the data, yet 

they lack further exploration into the interpretability of the model. Given the absence of historical flow 

data for new flight segments, there is a need for a novel prediction method that does not rely on historical 

data of the predicting target itself. Therefore, this study proposes the MGAT-LSTM-NSGA-II framework, 

which can capture information from spatial-temporal dimension and further discuss the interpretablity 

of model. Most importantly, it does not rely on historical traffic data specific to the new flight segments. 

3 Problem statement and model construction 

In air traffic networks, airlines face numerous route choices. Some routes are already part of their 

flight plans, which we refer to as existing routes, while others remain unoperated, referred to as untapped 

routes. The task of predicting the flow of untapped flight segments is crucial for determining whether it 

is valuable to initiate flights on these routes. However, the absence of historical flow data for untapped 

segments presents a significant challenge, despite the availability of historical data for existing segments. 

This lack of data for untapped segments necessitates a method that can leverage the existing data 

to make predictions. To address this challenge, we model the air traffic network as a graph, where each 

flight segment is regarded as a node and each airport as a connection between segments. Let ( , )G V E=  

represent the topology graph of the air network, where V   is the set of nodes representing flight 

segments, 1 2= , ,..., ,i NV p p p p , N is the total number of nodes in graph structure, and E  is the set of arcs 

representing connections between these segments. As shown in Figure 1, node 5P  denotes segment BD, 

which is an untapped flight segment, with links to segment BC, AD, and AB via airports B and D.  

Segment AC

Segment AD

Segment BC

Segment AB

Segment BD

1P

5P

4P

3P

2P
Untapped flight segment

Existing flight segment

 



Figure 1. Illustration of topology graph structure 

In real life, airlines need to evaluate untapped segments like BD to decide whether to launch flights. 

Although there is no historical flow data of segment BD, data from existing segments such as AD, AC, 

AB, and BC, along with route properties obtained from official statistics, can be leveraged. The 

objective is to predict the future flow of segment BD, aiding in the evaluation of its potential value.  

This prediction task is complex due to the dynamic nature of the airline network, which has a high 

degree of uncertainty. As new segments open or close, the node statuses and adjacency relationships in 

graph G evolve over time. Thus, our approach needs to integrate information from both temporal and 

spatial dimensions to predict the flow of untapped segments. 

We proposed a multi-graph attention network (MGAT) to aggregate spatial information from 

adjacent nodes. This component captures the spatial relationships and influences between different 

flight segments at each moment t, addressing the spatial aspect of the problem. Besides, to handle the 

temporal dependencies, a Long Short-Term Memory (LSTM) network is used to models the historical 

flow data of existing segments over time. This addresses the time-series aspect of the problem. Formally, 

the prediction problem can be expressed as equation (1): 

1 ,ˆ ( ( ), 0,1,..., ),T T L tstep T

untapped t existingY LSTM MGAT G t T Y+ + = =  
，

             (1) 

where 1 2( , ,... )t t t

t NG X X X=  ,which represents the graph structure information at moment t, 

( )MGAT  is the MGAT operator to aggregator spatial information across at each moment t, ,tstep T

existingY denotes 

the historical flow information of existing segments over period tstep to T, which is used to train and 

test model. tstep is the input time step of LSTM, and ( )LSTM  aggregates temporal information over 

every tstep historical moments to predict the flow in next L moments. Thus, the flow 1ˆT T L

untappedY + +， of the 

untapped segment over the future period T+1 to T+L is obtained by learning information from period T-

tstep to T .  

Additionally, there are key parameters in the multi-graph structure definition of MGAT that need 

to be determined, which play an important role in prediction efficiency. Since the values of these 

parameters will affect each other, it is difficult to confirm them manually. We regard the parameter 

searching process as an optimization problem and NSGA-II is used to solve the problem. The evaluation 

metrics for prediction model are used as the optimization objectives, and assuming the key parameter 

combination is δ , then the optimization model can be expressed as follows equation (2) to equation 

(6)： 

1min ( )Z MAPE= δ                                   (2) 

1min ( )Z MAE= δ                                   (3) 

1min ( )Z RMSE= δ                                  (4) 

S.t.           1= δ                                     (5) 

 0,1δ                                      (6) 

 

where ( )MAPE  , ( )MAE  , and ( )RMSE   are mainstream evaluation metrics equation in prediction 

problem, referring to mean absolute error (MAE), root mean squared error (RMSE), and mean absolute 

percentage error ( MAPE ) respectively (Huang et al., 2022). Equation (5) limits the sum of all 

parameters to be 1, and equation (6) defines the value range of parameters. These parameters are used 

to control the generation of multi-graph structure, we mainly focus on their relative sizes rather than 

their absolute sizes. Detailed descriptions will be provided in the Methodologies section.  

The core motivation of this study is to leverage the historical flow data of existing segments to 



train the LSTM network, using the aggregated graph information produced by MGAT over time as input, 

where the key parameters that control multi-graph structure are determined by NSGA-II. This approach 

enables us to accurately predict the future flows for untapped segments, thus providing valuable insights 

for route planning. 
 

4 Methodology 

To predict the untapped flight segment future flow, the thinking of this paper is to use own and 

adjacent segment feature information as well as the historical flow data of existing segment. 

Figure 2 shows the framework of the overall MGAT-LSTM-NSGA-Ⅱ model, which includes 

MGAT, LSTM, and NSGA-Ⅱ components. In this framework, NSGA-Ⅱ serves as the main body to 

identify the optimal key parameters, with each parameters set leading to different prediction outcomes. 

Core MGAT-LSTM module is embedded into the fitness function calculation to forecast the future new 

flight segments flow, and the evaluation metrics of the prediction results are fed back into NSGA-Ⅱ as 

fitness values.  

The details of MGAT-LSTM module are shown in the right of the figure 2. The module’s input 

consists of two parts: the spatio-temporal data of the airline network over past time steps ( 0,1,...,T ), and 

the key parameter combinations randomly generated by NSGA-Ⅱ. Based on these key parameters, the 

input spatio-temporal data is represented as a multi-graph structure and fed into MGAT to aggregate 

spatial information. The aggregated data at each time step is then stacked into a time series and input 

into LSTM to extract temporal information, ultimately predicting the traffic flow for each flight segment 

in next L time steps ( , 1,...,tstep tstep T L+ + ). The predicted flow of existing flight segments in historical 

time ( , 1,...,tstep tstep T+ ) is compared with the actual flow to generate the model’s evaluation metrics, 

which are then fed back into NSGA-Ⅱ. A fixed sliding window prediction is used in LSTM, that is, input 

graph structure data at every tstep historical moments and output predicted traffic at the next L moments. 

Finally, this model can be used to predict the future ( 1, 2,...,T T T L+ + + ) flow for untapped flight segments. 

The detail description of algorithm is introduced in the following subsection. 
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Figure 2. The framework of MGAT-LSTM-NSGA-Ⅱ 

4.1 Flight segment network graph 



4.1.1 key factors and feature extraction 

Refer to the gravity model, one of the most successful empirical models to forecast passenger 

demand, there are five key predictor factors needed to be considered, including distance, GDP, 

throughput, population, and flight frequency (Birolini et al., 2021; Boonekamp, Zuidberg, & Burghouwt, 

2018). Since the new segment flow forecast considered in this paper is to support the development of 

new markets, we take into account important market competition factors. Though airfares can reflect 

the preference of consumers (Birolini et al., 2021), it is irrelevant to different routes of the same airline, 

therefore, the influence of airfares is not considered in this paper.  

Thus, the feature of each point is considered from six aspects: distance, GDP per capita, airport 

throughput, population size, flight frequency and competition. Distance between origin and destination 

defines the route nature (
distance

ih ), GDP per capita represents the economic distance between airports 

( GDP GDP_origin GDP_destination=   i i ih h h−  ), airport throughput represents local passengers 

( throughput throughput_origin throughput_destination=   i i ih h h  ), which reflects the market potential together with population size 

( population population_origin population_destination  i i ih h h=  ), flight frequency refers to the number of flights by current airline 

on segment in week (
frequency

ih ), which indicates the airline strategy direction, and competition reflects 

the degree of market saturation (
competition

ih ). As shown in equation (7), ih  is defined as the feature of 

node i , and it determined by six different feature dimensions, 
6

ih  R :   

distance GDP throughput population frequency competition{ , , , , , }i i i i i i ih h h h h h h=                (7) 

Because nodes in the graph denote flight segments which have origin airport and determination 

airport, the feature of both GDP per capital, airport throughput, and population size are determined by 

both origin and destination (Birolini et al., 2021). Finally, the feature matrix of graph is a matrix with N 

rows and six columns, and is recorded as   6N 
H . 

4.1. 2 multi-graph structure 

Since the learning mechanism in GAT is to learn the information from its first-hop neighbors (C. 

Zhang et al., 2019), only define the topology graph is not sufficient, we redefine the adjacent relationship 

between flight segments. According to the literature(Quan et al., 2012), we define that the higher the 

similarity, the stronger the segment adjacency. Therefore, the association graph is introduced into this 

paper, and together with the topology graph, a multi-graph structure is constructed. 

a) Topology graph 

According to the flight networks in real life, the topology graph is constructed. Let 'iiw  denote the 

topology relationship between node 
i

odp   and node 
' '

'i

o dp   in topology graph (equation (8)), where 

symbols o and o’ indicate origin airports, and symbols d and d’ indicate destination airports: 

'

1 '   or  '

0.5 '     '

0

ii

if o d o d

w if o o or d d

otherwise

= =


= = =



，   
，  

，

                              (8) 

Topology graph implies the flow of passenger demand. If the origin airport of flight segment i is 

the same as the destination airport of segment i’, or the destination airport of flight segment i is the same 

as the origin airport of segment i’, it means that there may be a connection relationship between the two 

segments, and the weight is set as 1. While if the origin or destination airport of two flight segments is 

the same, there is a diversion or concurrent effect on flow, so the weight is set as 0.5. Otherwise, the 

weight is set as 0.  

b) Association graph 

Based on the idea of recommendation, the information of a new object can be learned from the 

similar one (Quan et al., 2012). Therefore, an association graph is constructed to describe the feature 

relationship between flight segments.  



To reduce the impact causing by sample data differences at different feature dimension and make 

model training more efficient and robust, the vector with different features is normalized. As shown in 

equation (9), '
i

mh   denotes the normalized vector, min

mh   is the minimum logarithm value
 
of feature 

dimension m, and max

mh  is the maximum logarithm value
 
of feature dimension m: 

min max min' (log( )- ) / ( - ),
i i

m m m m mh h h h h=  m M                           (9) 

where M is the set of feature dimension, and {Distance, GDP, Throuphput, Population, Frequency,Competition}M = . 

Let '

m

iis  denotes the affinity relationship at feature dimension m between node 
i

odp  and node ' '

'i

o dp . 

As shown in equation (10), it can be calculated based on the Gaussian kernel (Quan, et al., 2012): 

'

2 2

' exp( ' ' / 2 )
i i

m m m

iis h h = − −                                (10) 

In equation (10), 
'

2
' '

i i

m mh h−  is used to measure the distance of differences between two points, 

'

2
' ' [0,1]

i i

m mh h−   , and symbol    represent affinity coefficient, which influences the affinity value 

between routes. According to Gaussian kernel function, too large coefficient will result in almost no 

differentiation in the results, while too small coefficient will result in the result approaching 0. Therefore, 

appropriate coefficient setting is crucial for representing true affinity relationship between points. To 

determine the appropriate coefficient, we give the distance (
'

2
' '

i i

m mh h− ) different value to observe the 

change of affinity relationship with different coefficients, which is recorded as Figure 3. 

 

Figure 3. The sensitivity analysis of affinity coefficients   

 

As shown in Figure 3, when affinity coefficient  is 0.5, the affinity relationship among different  

distances are quite different. Therefore, we set the value of affinity coefficient as 0.5. 

Based on the affinity relationship at each feature dimension, we determine the integrated affinity 

degree between node 
i

odp  and node 
' '

'i

o dp  as the equation (11) shown: 

' '_ m

ii m ii

m M

s o s


=                                            (11) 

As shown in equation (11), where m  is the key parameters that controls the influence degree from 

feature m, which is named as feature weight, and m δ , 
1m

m M




= . The larger m  is, the greater the 

influence of affinity relationship at feature dimension m on integrated affinity degree. 

Finally, to make the integrated affinity degree of each node sufficiently distinct to other nodes, 

we normalize the current integrated affinity degree '_ 'iis o   to obtain the final integrated affinity 
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degree ' 'iis , which is similar to the process of assigning learning weights to each point, as shown in 

equation (12):  

' '' ( _ ' min( _ )) / (max( _ ) min( _ ))ii ii i i is s o s o s o s o= − −                      (12) 

 

where min( _ )is o  denotes the minimum of initial integrated affinity degree of node i, max( _ )is o  

denotes the maximum of initial integrated affinity degree of node i. 

c) Extraction of adjacent matrix  

Based on the topology graph and association graph, the adjacent matrix is defined as   N N
A . we 

represent the adjacent relationship 'iia  as follows equation (13): 

' ' ' '

' ' ' '

    0.4

0.8 0

0 otherwise

ii ii ii ii

ii ii ii ii

w s w s

a s s and w

  


=  =



，

，

， 
                            (13) 

 

As shown in equation (13), when there is a topology connection between nodes, the adjacent 

relationship is determined by topology connection as well as association connection. When the affinity 

value between nodes is relatively large, we consider that there is a link between nodes although there is 

not a topology connection. 

4.2 Spatial module: MGAT 

After obtaining the relationship between nodes, the connection graph is constructed, and we further 

explore the spatial graph information by proposing the multi-graph attention networks (MGAT). GAT 

extends GCN by replacing its convolution operation with an attention mechanism, which can 

deceptively learn different correlations between different points (C. Zhang et al., 2019). The same as 

GAT, the core component of MGAT is graph attentional layer. Defined the node feature of layer l as a 

set   6

1 2( ) ( ) , ( ) ,..., ( ) ( )l l l l l

N iH h h h h= ， R , which is the input of the MGAT. Equation (14) shows the 

attention coefficient ije  of nodes i and its neighbor node j.   is a shared weight matrix, which is used 

to cast the input to an embedding (C. Zhang et al., 2019). Symbol   is the attention mechanism: 

( , )l l

ij i je h h  =                                      (14) 

Equation (15) defined the normalized attention coefficient ij (C. Zhang et al., 2019), LeakyReLU

is an activation function, which is to make the negative value as close to 0 as possible. Then, a softmax 

function is used to normalize the attention coefficients: 

softmax(LeakyReLU( ))ij ije =                                (15) 

Consequently, the propagate process of MGAT can be represented by equation (16) (C. Zhang et 

al., 2019): 
1

( )

( )l l
i ij j

j N i

h h  +



=                                      (16) 

where (i)N  is the set of neighbor nodes of node i.   represents the activation function, where 



ReLU function is used to confirm the value of output is bigger than 0.  

Finally, we obtain the embedding as the output of spatial block MGAT, which is recorded as symbol 

Emb . 

4.3 Temporal module: LSTM 

Based on the spatial block MGAT, the points after aggregating spatial information at each moment 

can be obtained. They are stacked at time dimension to form a time-series data, and as the input of 

temporal block LSTM. LSTM model is used to capture the temporal information (Crivellari et al., 2022).  

Assuming there is a historical period which has T moments. The MGAT model is used L times to 

obtain the embedding information at every moment. Then we get the input information for LSTM, that 

is embedding information, and     6N TEmb  R  . LSTM module designed integrates several layers: a 

convolutional neural network is used at first to extracts local patterns from the input sequence, followed 

by a pooling layer that reduces dimensionality and enhances robustness. The sequence is then fed into 

a LSTM layer, which captures temporal dependencies. To focus on important features across time steps, 

a multi-head attention mechanism is applied, enhancing the model’s ability to learn long-range 

dependencies. Finally, a fully connected layer maps the processed feature to the output space, yielding 

the final prediction. 

To enrich our sample, fixed sliding window prediction is adopted and time step is defined in this 

component, where time step is recorded as symbol tstep. Figure 4 shows the flow prediction process of 

node i. The process of LSTM in the context of our framework is a rolling prediction process, and 

aggregate data from the past tstep moments is used to predict flow of flight segment for the next L 

moments. 
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Figure 4. Illustration of the time step 

Different from traditional flow prediction model, we divide the dataset not only from the time 

dimension, but also from the point set. Figure 5 shows the segmentation of data set. 
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Figure 5. The segmentation of data set 

As shown in figure 5, we use historical flow of 80% nodes from period tstep to T-2L to train the 

model, historical flow of 10% nodes from period T-2L to T-L to validate the model, and the historical 

flow of rest 10% nodes from period T-L to T to test the model. Each prediction flow in output window 

is obtained based on the aggregate information in the input window. 

Because there were some flight segments opened or closed every month, some historical flow data 

are null. To ensure the efficiency of model training, mask is used to filter out nodes with empty flow in 

the output window. That is to say, in the process of each sliding training, it is necessary to judge if the 

flow of node in output window is null, if so, this node is not used to training model at this time.  

To preserve the integrity of the graph, this dataset division only conducted on the training process 

of the LSTM. All points are included in the graph structure for spatial feature information aggregation, 

but when input into the LSTM layer, they are input according to the data set partitioning criteria. Points 

that are not in the corresponding dataset are also masked and do not participate in the gradient 

calculation of back propagation. 

4.4 Optimization module: NSGA-Ⅱ 

Because there is an interaction between feature weight, it is hard to choose a proper parameter 

combination manually. NSGA-Ⅱ is an algorithm which can generates population randomly and search 

for an optimal solution (Guo, Pu, Du, & Li, 2022). To make the results explicable and further discuss 

the influence from every affinity coefficient, this paper uses NSGA-Ⅱ to search for the best parameter 

combination for MGAT. 
 

a) Initial population: the population size of NSGA-Ⅱ is determined as 6× P at first, 0-1 coding is 

used to generate each individual randomly, and each individual indicates a coefficient combination. As 

shown in Figure 6, assign a gene fragment to the corresponding coefficient in sequence, and a coefficient 

corresponds to P gene fragment. By decoding, the coefficients are obtained. 

 coefficient 1 2

0       1        2       3       4        5       …      N-1   N   

Decoding 

process

0        1        1       1       0        1       …      1      0   

6
...

 
Figure 6. The example of individual coding 

 

b) Calculate fitness: taking coefficient combination as an input to MGAT, the evaluation metric is 



returned. Because the purpose of this paper is to obtain the optimal prediction results, we set the fitness 

function based on the evaluation metrics. According to the equation (2) to equation (4), the fitness 

functions are determined as follow, and the goal of NSGA-Ⅱ module is to find the optimal parameter 

combination δ , so as to obtain the optimal prediction results: 

1
1

( )
fitness

MAPE
=

δ
                                  (17) 

2
1

( )
fitness

MAE
=

δ
                                  (18) 

3
1

( )
fitness

RMSE
=

δ
                                 (19) 

 

c) Selection, crossover and mutation: according to fitness, we rank individuals at first. To generate 

better offspring, we set the selection mechanism as that the higher the fitness, the higher the being 

selected probability. The individuals selected are regarded as parents to generate new individuals. Based 

on the random principle, we make crossover and mutation on the parental individuals.   

d) Generate new population: use the above operation of selection, crossover and mutation to 

generate offspring which is the same size as the existing population. Then use the none dominated sort 

strategy to retain the population from origin population and new population. The size of new population 

keeps the same as the origin.  

e) The stopping condition criteria: looping the above steps multiple times until the number of 

iterations reaches the maximum number of iterations.  

5 Numerical studies and results analysis 

5.1 Experiments setting 

We conduct experiments on real-world datasets provided by an airline in China, which contains 

the information of airline networks, flight schedule and its corresponding historical flow. The time 

interval in this paper is month, to avoid the disruptions caused by external factors like the COVID-19 

pandemic, we choose the data from 2015 to 2019 to conduct the experiments. In total, there are 60 

months of data for 596 flight segments, equivalent to 35760 real-world data.  

The data for the input feature of the model is taken from the airline mentioned above, Chinese 

Statistics Bureau, and Chinese Aviation Administration. The airline provides the distance and flight 

frequency feature data, where distance refers to the geographical distance between origin and 

destination airports. The flight frequency is the number of flights on each segment every week, which 

is obtained by the flight schedules. While the data of socio-economic features are provided by Chinese 

Statistics Bureau. Specifically, the population data is equal to the permanent population of the city where 

the origin and destination (OD) airports are located, and the GDP data refers to the GDP per capita of 

the city where the OD airports are located. Finally, Chinese Aviation Administration provides the 

throughput data of flight segment’s OD airport, and the airline competition is measured by the number 

of airlines in the same flight segment.  

 Additionally, the output feature of the model is flight segment flow. We compared it with the 

actual flight segment’s historical flow which is provided by the airline to evaluate the model.  

Table 2 shows the data example of airline networks information and its corresponding origin and 

destination information. 

 

Table 2. The data example of airline networks 

O D Flow 
(people) 

Distance 
(km) 

Frequenc

y 

(/week) 

Populatio

n  of 
origin 

(0,000) 

Population  

of 
destination 

(0,000) 

GDP of 

origin 
(00,000,0

00) 

GDP of 

destination 
(00,000,000) 

Throughput 

of origin 

(0,000) 

Throughput 

of 
destination 

(0,000) 

Competition 



FOC 
XM

N 
2057 320 2 780 40 122 139744.52 14760226 27413363 3 

XMN FOC 2522 320 14 429 780 139744 120414.10 27413363 14760226 3 

JJN SHA 3766 871 63 874 3428.14 373987 157138.06 8435805 45637882 11 

 

We divide the dataset from both spatial and temporal dimension. From spatial dimension, the data 

is further divided into three parts: 80% nodes for training, 10% nodes for validating and 10% nodes for 

testing. From temporal dimension, the data is further divided into three parts: 36 month for train, 12 

month for validating, and 12 month for testing. The dataset is randomly partitioned following the criteria 

of uniform distribution. Parameters of MGAT-LSTM-NSGA-Ⅱ contains three parts, parameters in 

MGAT block, LSTM block and NSGA-Ⅱ, which are set as Table 3 shown. 

 

 

Table 3. Algorithm parameter settings for MGAT-LSTM-NSGA-Ⅱ 

Modules Parameters Value 

 Prediction model: 

MGAT-LSTM 

Basic parameters of the 

model 

Learning rate 0.0005 

Number of learning epoch  70 

Proportion of training node set 0.8 

MGAT block related 

Number of convolution layers 1 

Number of heads 8 

Hidden size of MGAT 32 

Dropout rate 0.2 

LSTM block related 
Hidden size of LSTM 16 

Time step: tstep 15 

Optimization model: NSGA-Ⅱ block 

The range of affinity coefficients (0, 1) 

Individual length: N_len 24 

Population size: N_pop 15 

Crossover probability 0.6 

Mutation probability 0.01 

Max generations 21 

 

5.2 Baselines  

In this section, the airline traffic flow data and statistical data are used to evaluate the performance 

of the proposed MGAT-LSTM-NSGA-Ⅱ by comparing with several baselines, especially in the domain 

of flight demand prediction. The baselines are as follows 

 Temporal attention & spatial dual- graph convolution (TAaDGCN) (Cai et al. (2023)): One of 

the state-of-the-art deep learning model in air traffic flow prediction, which considers dual-

graph convolution network. 

 Graphic Convolutional Neural Network and d the long short term memory (GCN-LSTM) (J. 

Yu, 2021) : One of the most popular framework of spatial-temporal graph deep learning for air 

traffic flow prediction. 

 Spatio-Temporal Graph Convolutional Networks (STGCN) (B. Yu et al., 2017): A popular 

graph deep learning framework for traffic prediction, which takes spatio-temporal 

dependencies into account and performs well on multi-length predictions. 

 Long short-term memory (LSTM) (Gui et al. (2020): A widely-used deep learning method for 



predicting flight segment flow in time-series analysis, which can naturally capture the  long-

term and short-term time correlation. 

 Gravity model (Birolini et al., 2021): One of the most successful empirical models to forecast 

passenger demand, which can be taken as one of the representatives of model-driven approach. 

To ensure the fairness of the comparative experiments, we set the relative parameters of baselines 

the same as MGAT-LSTM-NSGA-Ⅱ. Then we run algorithms through python 3.9. To reduce the 

influence of randomness, 10 independent runs are conducted based on MGAT-LSTM-NSGA-Ⅱ and its 

comparative algorithms. Table 4 presents the average results of comparison between MGAT-LSTM-

NSGA-Ⅱ and other algorithms. 

 

Table 4. The average results of comparison between MGAT-LSTM-NSGA-Ⅱ and baselines 

 MAE RMSE MAPE（%） 

MGAT-LSTM- NSGA-Ⅱ  (this paper) 1155.03 1524.26  30.80  

TAaDGCN (Cai et al., 2023)  2674.69 3444.52 49.35 

GCN-LSTM (J. Yu, 2021) 2413.88 3269.81 48.83 

STGCN (B. Yu et al., 2017) 3201.17 4182.32 59.81  

LSTM (Gui et al., 2020) 2446.71 3241.19 49.00 

Gravity model (Birolini, et al., 2021) 1398.10 2014.91 43.03 

 

Table 3 shows that proposed MGAT-LSTM- NSGA-Ⅱ model totally outperforms baselines, and its 

evaluation metric MAPE reach 30.80%, which indicates that the prediction model is relative well 

prepared.  

TAaDGCN, GCN-LSTM and STGCN are spatio-temporal machine learning methods designed to 

capture both spatial and temporal dependencies in data, however, they tend to underperform in scenarios 

where historical flow data is unavailable. From the table 3, the average MAPE of TAaDGCN, GCN-

LSTM and STGCN are higher than 45% and their MAE and RMSE are also relative high, indicating 

that they are not suitable for predicting flow on untapped flight segments. These methods typically rely 

on historical flow data either as a feature input or to construct adjacency matrices (Cai et al., 2023), and 

when the input feature data is replaced with socio-economic data, these models struggle to capture 

accurate traffic information. In contrast, the MGAT-LSTM-NSGA-II approach stands out by utilizing 

macro-level statistical data to characterize flight segments. Moreover, it compares the characteristics 

between flight segments to learn from the historical flow data of existing segments, thereby enabling 

more accurate predictions for untapped segments. As shown in Table 4, MGAT-LSTM-NSGA-II can 

reduce MAE by nearly 50% compared to other spatio-temporal machine learning methods. 

LSTM, as a time-series model, primarily captures temporal patterns and relies heavily on historical 

flow data for accurate predictions. However, this reliance makes it less effective in scenarios where 

historical data is sparse or unavailable, such as in untapped flight segments. Additionally, LSTM lacks 

mechanisms to consider spatial relationships between data points, which are often crucial in networked 

systems like flight routes. In contrast, the proposed MGAT-LSTM-NSGA-II model integrates both 

spatial and temporal information through Multi-Head Graph Attention Networks and LSTM, enabling 

it to leverage spatial dependencies and learn from the characteristics of other flight segments. This dual 

capability allows MGAT-LSTM-NSGA-II to overcome the limitations of LSTM, making it better suited 

for predicting flow in untapped segments where historical data is not directly available. 

As for gravity model, its performance depends on the model construction. The R-square (R2) of 

gravity model in our comparison experiment is 91.5%, indicating that the model has a strong ability to 

explain the data, however, it still performs poor than MGAT-LSTM-NSGA-II proposed in this paper.  



Compared with the existing machine learning method that require historical flow data as an input, the 

MAE and RMSE of gravity model are relatively good, which means that gravity model is more suitable 

for untapped fight segment flow prediction. Since gravity model is a regression model, it does not 

require historical flow data as an input. However, there are a lot of factors needed to be considered in 

the gravity model in general, and when there are limited data can be used, it may perform poorly. For 

instance, in our comparison, its MAPE is 39.71% higher than that our method. Thus, compared with the 

model-driven approach like gravity, the proposed method in this paper can capture complex spatial 

information based on graph structure, which is more flexible to model and does not require determining 

a large number of influencing factors as inputs (Blumenstock, Lessmann, & Seow, 2022). It indicates 

that the proposed framework can enhance prediction accuracy of untapped flight segment flow. 

Since the goal of this study is to provide suggestions for the opening of new flight segment, we are 

more concerned with the overall traffic of new segment in the future. The figure 7 compares the total 

traffic of each flight segment in the next year predicted by different models and the actual annual traffic 

of the segments.  

 

Figure 7. Comparison of the future annual total projections for each flight segment based on different 

methods 

It can be seen from the figure 7, based on the method proposed in this paper, the prediction results 

for the future traffic of each segment are more accurate, and our forecast results can generally accurately 

capture the traffic levels of each flight segment. Although there are some errors, the predictions 

regarding the magnitude relationships between segments are relatively accurate, allowing us to correctly 

identify which segments have greater market potential. For example, to select the top three flight 

segments with the highest potential demand from the current segments for operation, the method 

proposed in this paper suggests choosing segments 18, 9, and 16. This recommendation is largely 

consistent with the actual segments 9, 16, and 14, and the actual flow for segments 18 and 14 is also 

relatively close. 

5.3 The ablation study 

To evaluate the effectiveness of three critical ingredients in the architecture of MGAT-LSTM- 

NSGA-Ⅱ, we conduct ablation studies. Table 5 shows the experimental results in terms of the MAE, 

RMSE, and MAPE. To ensure the fairness of the comparative experiments, we set the same parameters 

as MGAT-LSTM- NSGA-Ⅱ for all following methods. The affinity coefficients of MGAT-LSTM are 

randomly generated from 0 to 10. 
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Table 5. The ablation study of GA-MGAT-LSTM 
 MAE RMSE MAPE 

MGAT-LSTM- NSGA-Ⅱ  1155.03 1524.26  30.80  

MGAT-LSTM 

(Without GA) 
1958.57 2608.76 42.81 

GAT-LSTM 

(Without multi-graphs) 
3120.10 4023.98 56.12 

GA-MGAT 

(Without LSTM) 
2696.11 3888.24 55.58 

 

 

As shown in Table 5, MGAT-LSTM- NSGA-Ⅱ proposed in this paper has the optimal results, 

where the MAE, RMSE, and MAPE are the lowest.  

First, the GA component is proved effective for optimizing the affinity coefficient combination. 

Because the parameters combination is generated randomly, unsuitable parameters combination may 

result in false predictions. It indicates that it is hard to choose a proper parameters combination for 

MGAT-LSTM manually. 

Second, the design of multi-graphs is proved very necessary to ensure the model accuracy. The 

idea of GAT is to aggregate information based on adjacent node features, however, the adjacent 

relationship only based on flight network is far from enough. It can be found from Table 5, the multi-

graphs definition can reduce loss almost 50%.  

Third, the LSTM component is confirmed essential for mining the information from temporal 

dimension. As shown in Table 5, the MAPE is 55.58%, upwards 50%, which indicates that the 

prediction results are poor. This is owing to the temporal information is ignored, and we only use each 

month spatial data to train the model. Thus, in untapped flight segment flow prediction, the 

information from temporal dimension is needed to be considered, which can capture the market 

changing information. 

5.4 Explanation of flow prediction results 

To analyze the different influence of different features on flight flow prediction, we plot the feature 

weight values corresponding to different solutions on the optimal frontier, as shown in the figure 7.  

 

Figure 7. The affinity coefficients corresponding to the optimal population 

 

From Figure 7, we can find that the weight value corresponding to the distance, throughput, 

frequency and competition almost higher than the value of population and GDP per capita. According 

to the feature weight coefficients and affinity degree defined in section 4.1.2, it indicates that the 
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influence of distance, throughput, frequency and competition on prediction model are larger than 

population and GDP. It suggests that when it comes to an untapped flight segment flow prediction, the 

flow of the existing flight segment which has the similar distance, throughput, frequency and 

competition can provide more important reference for the untapped flight segment operation decision, 

especially the flight segments with similar distance, frequency and competition. It should be emphasized 

that the frequency here refers to the airline planning focus instead of the actual flight frequency.    

On top of that, according to the gravity model (Birolini, et al., 2021) in section 5.2, where the 

coefficient for competitive factor is highly significant with a p-value of 0.000 and a substantial 

magnitude of -1085.0136. This suggests that competitive factor have a strong and statistically significant 

negative impact on the dependent variable, underscoring their critical importance in the model. The 

large t-value of -22.470 further reinforces the robustness and significance of this effect. This conclusion 

is consistent with the analysis results from feature weight value based on MGAT-LSTM- NSGA-Ⅱ.  

To sum up, the NSGA-Ⅱ component not only can help seek solution automatically, but also can 

make the MGAT-LSTM- NSGA-Ⅱ more explicable. 

6 Conclusion 

With the rapidly recovery of tourism industry, airlines around the world have started launching 

new airline routes. However, it is a complex work to evaluate whether the untapped airline routs are 

profitable. Due to the lack of historical data of untapped flight segments, traditional time series models 

which are usually utilized in traffic flow prediction are not applicable to untapped flight segment flow 

prediction. Referring to the idea of recommendation, we present MGAT-LSTM- NSGA-Ⅱ, a novel 

framework combining graph deep learning and heuristic algorithm for untapped flight segments flow 

prediction. Accordingly, the idea of learning untapped flight segments flow information from similar 

existing flight segments is proposed. To be precise, based on the GAT, the MGAT is designed 

considering both topology graph and association graph, which is used to mine the complete graph 

information from spatial dimension, thereby the relationships between flight segments are captured. 

Then, LSTM is used to learn the information from temporal dimension to realize the prediction, where 

a new dataset partitioning method is presented to ensure the applicability of proposed method to predict 

untapped flight segments flow. Meanwhile, the NSGA-Ⅱ is designed to optimize the affinity coefficients 

combination in MGAT automatically, which also makes the proposed approach explicable.  

A real-life data study results based on our method and baselines have shown the outperformance 

of our method. Different from the model-driven approaches which have to consider a lot of factors to 

improve the prediction accuracy (Birolini et al., 2021; Hsiao & Hansen, 2011), our method constructs 

graph structures and dig information from spatial-temporal dimensions to reach scientific prediction. 

Besides, compared with other data-driven approaches that rely on own historical data (Huang et al., 

2022; Lv et al., 2023), our method only requires some simple statistical data and other existing historical 

data, meanwhile, a new dataset partition method is proposed, which ensures its applicability of untapped 

flight segments flow prediction. The experimental results show that MGAT-LSTM- NSGA-Ⅱ is suitable 

for untapped flight segments flow prediction.   

Several managerial implications derived from this study are discussed below. 

(1) When airlines want to launch new routes, they should pay more attention to the untapped routes 

which are similar to existing outstanding segments in terms of distance, OD throughput, frequency, and 

competition situation. The feature weight coefficients analysis results indicate that the distance, 

throughput, frequency and competition play important roles in flight segment flow prediction. Thus, 

airlines can gain a preliminary understanding of the untapped route value from these factors by existing 

routes. 

(2) Airlines should consider the market change as well as the complex relationship between routes 



when they evaluate the passenger demand of new routes. The market change can be reflected by 

temporal information. The baselines and ablation study demonstrate that the proposed approach is 

superior in predicting the untapped flight segment flow and all of its components are essential, including 

spatial information mining component and temporal information mining component. Hence, it is 

scientifical for airlines to adopt the framework proposed in this study to support the untapped routes 

operation decision. 

(3) Finally, it suggests airlines to develop an untapped flight segment flow prediction system to 

make the new airline routes opening more effectively. In addition, the framework proposed by this paper 

can be expanded to new product demand forecasting in other industries. Managers can utilize this 

framework by adjusting the feature definition in association graph. 

In future, we plan to explore more features of flight segments, and compare their different 

influences by affinity coefficients analysis, and try to build a systematic airline route prediction theory. 

Meanwhile, we consider expanding the scope of study to the international aviation network.  
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