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Currently, flight delays are common and they propagate from an originating flight to connecting flights, leading to
large disruptions in the overall schedule. These disruptions cause massive economic losses, affect airlines’ rep-
utations, waste passengers’ time and money, and directly impact the environment. This study adopts a network
science approach for solving the delay propagation problem by modeling and analyzing the flight schedules and
historical operational data of an airline. We aim to determine the most disruptive airports, flights, flight-
connections, and connection types in an airline network. Disruptive elements are influential or critical entities
in an airline network. They are the elements that can either cause (airline schedules) or have caused (historical
data) the largest disturbances in the network. An airline can improve its operations by avoiding delays caused by
the most disruptive elements. The proposed network science approach for disruptive element analysis was vali-
dated using a case study of an operating airline. The analysis indicates that potential disruptive elements in a
schedule of an airline are also actual disruptive elements in the historical data and they should be considered to
improve operations. The airline network exhibits small-world effects and delays can propagate to any part of the
network with a minimum of four delayed flights. Finally, we observed that passenger connections between flights
are the most disruptive connection type. Therefore, the proposed methodology provides a tool for airlines to build
robust flight schedules that reduce delays and propagation.

1. Introduction

Nowadays, flight delays are increasingly common. In 2017, 20%
flights in Europe arrived late by at least 15 min or more (Walker, 2017).
These delays can be classified into three main categories: airline, airport,
and weather issues. Airline issues arise because of problems at the air-
line’s end (e.g., delay in passenger boarding and disembarkation, aircraft
repairs, and sudden unavailability of crew members). Airport issues arise
because of problems at the airport authority’s end (e.g., unavailability of
slots for flights to take off or land, longer security checks, and airport
closures). The third category includes severe weather conditions that
cannot be controlled, such as storms and snowfalls, which can disturb
airport operations (Brueckner et al., 2022).

Airline operations represent a complex distributed transportation
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system with several interacting and interdependent entities such as
passengers, crews, airlines, and airports. Therefore, when one thing goes
wrong, it can affect the entire system; thus, delays can propagate to other
flights when one flight is delayed. This is called delay propagation, sec-
ondary delay, or reactionary delay. In extreme cases, delays can affect
hundreds and thousands of flights; for example, Giannikas et al. (2022)
discussed a case in which 2,565 flights were affected, and delays were
propagated for more than 12 days owing to severe weather conditions.
Delay propagation is a major issue for airlines, and it accounted for
approximately 30%-60% of delays in European airports in 2017 (Walker,
2017) and approximately 34% in the U.S. in 2007 (AhmadBeygi et al.,
2008).

“Flight disruption” is a technical term that refers to flight delays and is
defined as a “situation where a scheduled flight is cancelled or delayed
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for 2 h or more within 48 h of the original scheduled departure time”.
However, this definition does not represent practical situations
adequately. This is because even smaller delays (e.g., a few minutes) can
propagate and affect many flights. Moreover, airlines consider a flight
delayed only if it is delayed by at least 15 min, which is the industry
standard for studying the on-time performance of flights. However, even
this standard is not practical because a small delay (e.g., 10 min) can
cause other flights to be delayed. To understand the root causes and
impact of flight delays, it is important to consider even small delays
(Giannikas et al., 2022).

Flight disruptions have a significant effect on stakeholders and they
can be classified into three main categories: airlines and governments,
passengers, and the environment. Disruptions cause huge economic los-
ses to the airlines and to the economy of countries. Additionally, they
affect airlines’ reputations and passenger retainability. According to
Gershkoff (2016), disruptions cost approximately $60 billion per annum
to airlines and their clients globally. Flight delays also cause loss of time
and money to the passengers and can cause them to miss important
events. They also cause environmental pollution by extra emission of
harmful gases, i.e., carbon-dioxide (CO2), owing to fuel combustion. In
light of problems of climate change and global warming, this is a major
concern. Thus, considering the significant effect of disruptions on air-
lines, the environment, and passengers, there is a need to understand the
delays and their propagation for airlines, to develop robust schedules to
reduce delays and their propagations. Thus, this study aims to solve delay
propagation problem using network science techniques to identify the
most disruptive elements of an airline flight network, and enable airlines
to build robust flight schedules. This analysis can help airlines answer the
question of which disruptive elements they should focus on improving to
enhance their operations.

Currently, networks are ubiquitous, and problems in technology,
biology, and social sciences can be formulated as networks (Newman,
2018). This has led to the emergence of a new field, network science
(Brandes et al., 2013). The concepts and techniques of network science
can be applied to problems in different domains to better understand
them and explain certain phenomena, such as the prevention of infec-
tious diseases, understanding the root causes and effect of flight delay
propagation, and studying the extinction of species (Newman, 2018).

Airline networks have also been studied extensively using network
science techniques, and data have been modeled as single airline
(Giannikas et al., 2022; Reggiani et al., 2010), multiple airlines (Baruah
and Bharali, 2019; Yang et al., 2019), airport (Cumelles et al., 2021;
Jiang et al., 2017b; Lordan and Sallan, 2019; Wandelt et al., 2019), and
flight delay (Giannikas et al., 2022) networks. Multilayer networks are
recent developments in the study of air transport networks that help to
compare different airlines and draw new insights (Jiang et al., 2019;
Kivela et al., 2014; Lordan and Sallan, 2017; Wehmuth et al., 2018).

In this study, we propose a network science approach to identify the
most disruptive elements in an airline flight network. Disruptive ele-
ments are those elements of the airline network that can cause a large
disruption (according to the flight schedule of an airline) or have actually
caused the biggest disruptions (according to historical operational data).
Therefore, disruptive elements are the major causes (potential and
actual) of delay propagation, and they can be used to improve airline
operations. The proposed approach first models the airline schedule and
historical operational data as a network, and then network science
techniques are applied to identify disruptive elements. For example,
suppose Fig. 1 models an airline’s schedules/delays (refer to Section 3 for
different ways of modeling airline data), where nodes refer to flights and
edges refer to flight-connections. In this network, nodes 1 and 5 and edge
(1,5) are among the most disruptive elements, as they are among the
most influential elements in the network. Analysis of the airline

2 Airports Council International (ACI), Sixth Worldwide Air Transport Con-
ference (ATCONF), Montreal, 18 to 22 March 2013.
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schedules gives potential disruptive elements, whereas analysis of his-
torical data, specifically delay propagation, gives actual disruptive ele-
ments. For example, Fig. 1 shows a delay network in which each node is a
delayed flight and each edge is a delay propagation. From Fig. 1, it is
evident that the delay in flight 5 leads to delay propagation in flights 9,
10, 11, 12, and 13. Hence, there is a need to identify the disruptive el-
ements of an airline network to improve operations because avoiding
delays to disruptive elements can avoid large disruptions (Brueckner
et al., 2021).
The contributions of this study are summarized below.

We present a model of an airline’s data (refer to Section 3.1 for de-
tails) into airport-flight, flight-flight-connection, and multilayer
flight—flight-connection networks, each with two variations as
connection network (CN) and delay network (DN), modeling sched-
ules and historical operational data, respectively. This modeling
approach enables us to pinpoint the major causes of flight delay
propagation, in terms of airports, flights, flight connections, and
connection type.

We propose the application of network science techniques, like cen-
trality and percolation, to find the disruptive elements’ of an airline’s
flight network. This work helps to identify influential/central air-
ports, flights, flight connections, and connection type from an airline
flight network, which can cause or have caused major disruptions.
Modeling of schedules gives us potential disruptive elements whereas
modeling of historical operational data provides us the actual
disruptive elements. We also provide a ranking system to identify and
prioritize the disruptive elements. Thus, the proposed approach helps
find issues with the airline schedule and operations to identify
disruptive elements that need prioritization to improve the operations
of an airline.

The proposed approach is validated with a case study of an airline; we
observed that the potential disruptive elements of the airline have
been identified as the actual disruptive elements. This indicates an
issue with the airline schedule itself for causing disruptions and re-
quires immediate attention to improve operations. The airline
network also observes that small-world effect and delays can propa-
gate to any part of the network in four flights. We also observe that
passenger connections between flights are the most disruptive
connection type.

The analysis provides a tool to airlines to identify airports, flights, and
flight connections that cause big disruptions. It also helps analyze the
schedules and identify the issues with the schedule by looking for the
overlap between potential disruptive elements (in CN) and actual
disruptive elements (in DN). The findings of this analysis provide
insights to an airline into how they can make their schedule robust to
the disruptions by paying attention to the disruptive elements and
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Fig. 1. Representation of an arbitrary airline network. Nodes 1 and 5, and edge
(1,5) are the most disruptive elements in the network, and big disruptions could
be avoided by avoiding delay to these disruptive elements.
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making extra arrangements, such as increasing the slack time for
disruptive flights and arranging alternate crew members for disrup-
tive crew connections.

The remainder of the paper is organized as follows. Section 2 presents
a literature review; Section 3 describes the network science approach
used and modeling of data into networks. A case study of an airline is
discussed in Section 4 and the concluding remarks and research impli-
cations are presented in Section 5.

2. Literature review
2.1. Network science approach

Network science has been widely used to analyze and provide new
insights into real-life problems across different disciplines, from social
science, engineering, technology, and biology, to airline problems
(Newman, 2018). In airline problems, data have been modeled as
different types of networks, and the analysis has been targeted at drawing
different types of insights. Airline problems can be categorized according
to the type of data and the corresponding network modeling: single
airline networks (Giannikas et al., 2022; Reggiani et al., 2010), multiple
airline networks (Du et al., 2018; Jin et al., 2019; Yang et al., 2019);
airport networks (Baruah and Bharali, 2019; Lordan and Sallan, 2019;
Song and Yeo, 2017; Wang et al., 2019), and multilayer airline network
problems (Kivela et al., 2014; Lordan and Sallan, 2017; Wehmuth et al.,
2018).

Airports are considered nodes in airport networks, and flights be-
tween airports are used as links/edges. For example, Lordan and Sallan
(2019) discussed the global airport network, divided the network into
seven regions, compared the network properties of different regions, and
examined robustness by finding the core and critical cities. Baruah and
Bharali (2019) compared airport network of India for three major air-
lines: Indigo, Jet Airways, and Air India, using network parameters and
performed robustness analysis of airlines by studying the change of pa-
rameters on the removal of key nodes from the network. Wang et al.
(2019) analyzed the resilience of an airport network by considering
structural and dynamical aspects and by combining network science and
operational dynamics. Olariaga and Zea (2018) studied the configuration
of traffic in the airport network caused by the liberalization of the air
transport industry of Columbia. Baruah and Bharali (2019), Couto et al.
(2015), Cumelles et al. (2021), Hossain and Alam (2017), Jia et al.
(2014), and Jiang et al. (2017b) analyzed the structural properties of the
airport networks of China, Australia, U.S., Brazil, and India. Wandelt
et al. (2019) presented a review and comparative analysis of evolution of
domestic airport networks for India, U.S., Europe, China, Russia, Brazil,
Australia, and Canada.

Single- and multiple-airline problems focus on the analysis of single-
airline data or comparative analysis of multiple airlines. For example,
Reggiani et al. (2010) analyzed the Lufthansa airline network to under-
stand the changing patterns in network configurations. Giannikas et al.
(2022) discussed a case study of an anonymous airline to determine the
main causes and effect of delay propagations through the airline’s flight
network, as well as frequent delay patterns. Yang et al., 2019 discussed
the structural properties of the Chinese airline network and Jin et al.
(2019) used a network motif to analyze the structural characteristics of
China’s passenger airline networks. Du et al. (2018) discussed the
structure and dynamics of delay propagation using delay causality net-
works based on the Granger causality test. Alderighi et al. (2007)
assessed the point-to-point and hub-and-spoke airline configurations
based on spatial and temporal dimensions, and they concluded that
temporal analysis is helpful to provide clear distinction between
full-service carriers and low-cost carriers, whereas spatial analysis helped
to find peculiarities within groups. Lordan et al. (2015) analyzed the
robustness of three airline alliances (i.e., SkyTeam, oneworld, and Star
alliance) through giant-component size vs. number of isolated airports
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and by using a multi-scale vulnerability measure; they concluded that
Star alliance is the most resilient. Lordan et al. (2014) proposed three
levels of analysis: airlines, airline alliances, and global route network, to
analyze the robustness of air transport networks.

Multilayer networks consider different types of relationships/con-
nectivity between nodes and add additional value to the network analysis
(Kiveld et al., 2014). For example, Lordan and Sallan (2017) analyzed the
multilayered structure of European airlines using cores, bridges, and
peripheries as layers of the network; they concluded that the network is
more robust to the isolation of core nodes than the isolation of a com-
bination of bridge and core nodes. Hong et al. (2016) studied the struc-
tural properties of the Chinese multilayered air transportation network
using different airlines as layers, and major and low cost airlines. They
established that the rich-club effect and small-world properties were
mainly caused by major airlines. Wehmuth et al. (2018) analyzed the
multilayered and time varying structure of the Brazilian air transport
network using different airlines as layers, and unveiled the strategies
used by airlines to deal with the disruptions in the flight network and
assessed the impact of the economic crisis on airlines. Jiang et al. (2017a)
studied the transition point of air transport network using airlines as
layers; they established that Chinese air transport has some scope to
improve their operations while European airline network is already
operating at its near-optimum level. Wang et al. (2017) analyzed the
multilayered air transport network using airport, airlines, air route, and
air traffic management networks as layers; they concluded that for flight
delays, airports with similar geographical locations exhibit similar dy-
namics and delays or failure propagation decays slowly.

Centrality is an important concept in network science that helps to
identify influential nodes and edges in a network (Newman, 2018). Clark
et al. (2018) discussed the robustness and recovery strategies of U.S.
airport network using network science techniques including different
centrality measures. Additionally, Sathanur et al. (2019) studied the U.S.
airport network from the perspective of delay propagation and identified
critical/influential airports based on influence maximization algorithm
and diffusion simulator. Jin et al. (2019) studied the robustness of a
network and identified critical nodes’ group in the network using eight
different attack strategies, including random failure and target attack,
and they were based on different centrality measures. Du et al. (2017)
studied the Chinese air route network and identified the vital edges in the
network using a memetic algorithm; they demonstrated that topologi-
cally important edges are not necessarily vital edges. Li et al. (2018)
analyzed the Chinese transport network as a multilayered network and
identified influential nodes based on evidence theory. Additionally, Cong
et al. (2016) modeled the Chinese air transport network using airports as
nodes and the correlations between air traffic flow of airports as edges;
they identified the critical airports based on spatial and temporal cor-
relations among airports.

2.2. Flight delay propagation

Extensive research has been conducted on flight delay predictions,
and various approaches have been used to study and predict delays using
network science, statistical modeling, and machine learning. For
example, Wang et al. (2003) developed an analytical model to study
delay propagation in U.S. airports that separates the fixed and variable
parts of delays and delay propagation. Abdelghany et al. (2004) modeled
the airlines data into directed acyclic graph and used the shortest path
algorithm to predict flight delay propagations for irregular operations.
Jani¢ (2005) developed an analytical model for hub-and-spoke airline
network to estimate the economic impact of large disruptions. Xu et al.
(2005) developed a Bayesian network to investigate and visualize delay
propagation among airports. Additionally, Liu et al. (2008) used the
Bayesian network to model the arrival delays at a hub airport and study
the delay propagation within and from the airport. AhmadBeygi et al.
(2008) proposed propagation trees to study the potential of delay prop-
agation from the airline schedules and their actual operations. Wong and
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Tsai (2012) used the Cox proportional hazards model to study delay
propagation in airlines in Taiwan, China. Recently, many machine
learning-based models, e.g., deep learning (Gui et al., 2020), regression
(Gopalakrishnan and Balakrishnan, 2017), classification and regression
trees (Gopalakrishnan and Balakrishnan, 2017), support vector machines
(Wu et al., 2019), gradient boosting classifiers (Thiagarajan et al., 2017),
and random forests (Gopalakrishnan and Balakrishnan, 2017), have been
used to predict future flight delays.

In this study, we modeled data from a single airline in different con-
nections, delays, and multilayer networks. Additionally, we utilized
network science techniques, such as centrality and percolation, to identify
disruptive airports, flight connections, and flights that can affect several
other flights (according to the airline schedule) or that actually lead to the
highest delay propagations to other flights (according to the historical
operational data). This study is a novel application of network science
techniques and provides a useful tool for airlines to improve their flight
operations by focusing on the most disruptive elements and building
robust schedules. This study addresses the problem of delay propagation;
however, it differs from the abovementioned literature in terms of
modeling data into networks, analysis, and the benefits of the analysis. To
the best of our knowledge, this is the first study focusing on the major
causes of delay propagation. Similar to AhmadBeygi et al. (2008), the
authors analyzed schedules and operational data for delay propagation;
however, they used propagation trees to study the potential of delay
propagation using a network science approach to analyze schedules and
operational data to identify the major causes of delay propagation.

3. Network science approach

Here, we present the modeling of the schedules and historical oper-
ational data of an airline, as well as different network science properties
and techniques for studying the network of the airline.

3.1. Types of networks

Network modeling provides insights that can be drawn using the
network science approach. Therefore, we have modeled the problem
mainly using three types of networks: connection, delay, and multilayer
flight connection networks, which are discussed below. The summary is
presented in Table 1.

3.1.1. Connection network

A CN models the schedules of an airline along with information about
possible shared connections in terms of passengers, crew, and tail (i.e.,
aircraft) between connecting flights. It considers the scheduled arrival,
departure, origin, and destination airports; however, it does not consider
the actual operations of the data, such as the actual arrival and departure
of flights. CNs cover the schedule for a given period. There are three types
of CNs: airport-flight connection network (AFCN), flight-connection
connection network (FCCN), and multilayer connection network
(MLCN), as discussed below (MLCN is discussed later in Section 3.1.3).
An example of FCCN is presented in Fig. 2(a). CNs help analyze the
airline schedule and identify potential disruptive elements as the analysis
is on schedule. They help to identify the busiest elements of the network,
which can cause large disruptions. We can crosscheck the disruptive el-
ements from a CN with the corresponding (DN discussed below, and find
that it is the lack of overlap between the disruptive elements in CN
(potential disruptive elements) and in DN (actual disruptive elements),
which indicates that the airline schedule has no major issue. Otherwise,
overlap indicates that something might be wrong with the schedules, and
the airline should fix the overlapped disruptive elements first.

AFCN: In AFCN, airports are the nodes and flights are considered as
edges with direction from origin airport to destination airport. Two air-
ports have an edge between them if there is at least one flight between
them; if there is more than one flight between the airports, this is rep-
resented as the weight of the edge. The analysis of AFCN gives us
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Table 1
Summary of different network modeling approaches.

Network  Description Insights

AFCN Node: airports; edge: two airports AFCN helps to analyze the airline
have an edge between them if schedules. The analysis of AFCN
there is at least one flight between  yields the busiest airports and
them; edge weight: number of airport pairs, which have highest
flights between the airports. traffic between them.

AFDN Similar to AFCN but here we AFDN helps to analyze the airline
consider only delayed flights. historical operational data. It helps

to identify the airports and airport
pairs which caused the biggest
disruptions.

FCCN Node: flights; edge: shared flight FCCN helps to analyze the airline
connection; weight: frequency of schedules. It gives us flights and
connection. flight connections, which have

potential to cause disruption to
several others.

FCDN It is similar to FCCN except that it ~ FCDN helps to analyze the airline
considers only delayed flights as historical operational data. It helps
nodes and flight connections with  to identify flights and flight
delay propagation only. connections, which caused the

biggest disruptions in the network.

MLCN Multilayer network adds extra MLCN helps to analyze the airline
value to the network analysis by schedules. It helps to identify the
considering the types of connection type which can cause
connectivity in the network. the biggest disruptions in the
MLCN is similar to FCCN except network.
that each layer considers
connections of one type.

MLDN MLDN is similar to FCDN except MLDN helps to analyze the airline

historical operational data. It helps
to identify the connection type,
which caused the biggest
disruptions in the network.

each layer considers connections
of one type.

Note: Airport-flight connection network (AFCN); airport-flight delay network
(AFDN); flight-connection connection network (FCCN); flight-connection delay
network (FCDN); multilayer connection network (MLCN); multilayer delay
network (MLDN).

potential disruptive airports and airport pairs, as discussed in Section 4.2,
which have the highest traffic between them.

FCCN: Each flight is taken as a node, where flight is represented using
flight number, scheduled departure time, origin airport, and destination
airport. For instance, suppose flight number 100 is scheduled to depart at
10:10 from airport Al to airport A2, then 100.10:10.A1.A2 are consid-
ered unique flights and nodes, respectively. If two flights share passen-
gers, crew, or tail, this is called a flight connection and is considered as
the edge of the network with direction from the first flight to the second
flight. The frequency of flight connections between flights is considered
as the weight of the edges. For example, suppose flight number 100 flies
every day, its weight would be seven in one week. The analysis of FCCN
gives us potentially disruptive flights and flight connections, as discussed
in Section 4.3, which are flights that have the potential to disrupt several
other flights.

3.1.2. DN

A DN models the historical operational data of an airline, focusing
mainly on delays and their propagation through the network. DNs can be
seen as a subset of CNs considering only delayed flights and flight con-
nections, which lead to delay propagation. For example, Fig. 2(b) rep-
resents the flight-connection DN. DNs help analyze disruptive elements
from historical data, as they consider actual departure and arrival times,
and delays propagated when the airline schedule is executed. This helps
identify the flights and flight connections that lead to the largest dis-
ruptions in the network. DNs can be used to review airline operations and
make decisions to improve operations by focusing on the disruptive el-
ements in the network. There are three types of DNs: airport flight delay
networks (AFDNs), light-connection delay networks (FCDNs), and
multilayer delay networks (MLDNs). MLDN is discussed in Section 3.1.3.
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Fig. 2. Network types. Solid rings are the delayed flights and others are on time flights; T, C, and P refer to tail, crew, and passenger connections, respectively, and
number refers to the frequency of flights. (a) Flight-connection connection network (FCCN); (b) flight-connection delay network (FCDN); (c) an example of multilayer

connection network (MLCN) with 5 nodes and 3 layers, viz., Al, A2, and A3.

AFDN: It is similar to the AFCN, except that AFDN considers only
delayed flights for forming edges and delayed flight frequencies as
weight of the edge. AFDN helps identify disruptive airports and airport
pairs that actually caused the biggest disruptions, as discussed in Section
4.2.

FCDN: It is similar to the FCCN, except that it considers only delayed
flights as nodes and flight connections with delay propagation. The
characterization of the delay propagation is as used in Giannikas et al.
(2022) and the propagated delay is equal to the arrival delay of the
incoming first flight minus the slack time. The slack time is the time
difference between the departure of the second flight (connecting flight)
and the arrival of the first flight minus the minimum ground time to
prepare for the second flight. The delay propagation frequency of the
flight connection is used as the weight of the edge. FCDN helps identify
disruptive flights and disruptive flight connections that actually cause the
biggest disruptions in the network, as discussed in Section 4.3.

3.1.3. Multilayer network (MLs)

MLs are networks where interactions between elements of the
network may change over time, have different types of connections, or
include other types of complications; thus, they can be divided into
subsystems depending upon these interactions (Kivela et al., 2014).
These networks add extra value to the network analysis by considering
the types of connectivity in the network. We used three types of con-
nections: crew, tail, and passenger connections between flights as the
different layers. There are two types of MLs: MLCN and MLDN. MLCN
and MLDN are similar to FCCN and FCDN, respectively, where each layer
is an FCCN/FCDN network with one-type connections. An example of
MLCN is shown in Fig. 2(c), which has five nodes common to all layers,
and three layers with their own edges depending on the type of edge.

3.2. Network science techniques and insights

Here, we discuss the different network properties and techniques
used to analyze the airline network modeled in the previous subsection,
along with the insights provided by them regarding the problem; the
summary is presented in Table 2.

Network: Networks are used to represent data with non-linear re-
lationships and can be defined as a set of nodes V and a set of links E,
where nodes represent some objects and links capture the relationship
between those objects. For example, in an airport-flight network, airports
are the nodes and two nodes have a link between them if flights operate
between them. Networks can be of two main types: directed and undi-
rected. The network is directed when there is a sense of direction asso-
ciated with links in the network; otherwise, it is called undirected. For
example, flights take off from the origin airport to the destination airport;
thus, the airport-flight network is a directed network.

Degree distribution: In a network, the degree of a node is the number
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Table 2
Network science techniques/properties and insights drawn from them.

Property Definition Insights

Network Network is a set of nodes and It is used to represent and
set of links where nodes analyze data with non-linear
represent some objects and relationships.
links capture some type of
relationship between those
objects.

Degree Degree distribution represents It provides us the structural

distribution the probability distribution of  insights about the network.
the degree over the entire
network.

Centrality It helps to identify the central ~ This concept helps to identify
elements of the network the most influential flights,
depending on their impact on airports, and connections that
other elements. have a significant impact on

other flights, in terms of delay
propagation.

Out-degree It helps to identify the This concept helps to identify
centrality important nodes based on the flights and airports that

their out-degree. have a significant impact on
other flights.

Node It helps to identify important This concept helps to identify
betweenness nodes based on flow of influential flights and airports
centrality information through them. through which highest delays

are either propagated or can
potentially be propagated.

Edge It helps to identify important This concept helps to identify
betweenness edges based on flow of flight connections and airport-
centrality information through them. pairs through which highest

delays are either propagated or
can potentially be propagated.

Percolation It is a study of removal of In the airline scenario, when
nodes/edges of a network and  applied to a delay network for
their effect on the connectivity ~ node percolation, it tells us
of the network. which flights delay should be

avoided to avoid big
disruptions.

Diameter The diameter of a connected This concept tell us about the

Small-world
effect

Density

network is defined as the
largest shortest distance
between any two nodes and
the diameter of a disconnected
network is infinite.

When one can reach from any
node of the network to any
other node in the network in a
few steps, then that network is
said to exhibit the small-world
effect.

It is defined as the ratio of the
number of links in the
network to the total number of
possible links in the network.

minimum number of flights
required for the propagation of
delays from any part of the
network to any other part.

In an airline network, if small-
world effect occurs in the
network, it is susceptible to big
disruptions because delays can
propagate to the entire
network with a few flight
delays.

This is a good metric to
compare the different layers of
the multi-task fully
convolutional network
(MFCN).
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of other nodes to which it is connected in an undirected network. For a
directed network, we have an in-degree and out-degree, where the in-
degree of a node is the number of nodes with incoming connections,
and the out-degree of a node is the number of outgoing connections from
the node to other nodes. The degree distribution represents the proba-
bility distribution of the degree over the entire network, and it is useful
for providing structural insights into the network.

Centrality: As the name suggests, it helps to identify the central ele-
ments of the network depending on their impact on other elements. Thus,
this concept helps identify flights, airports, and connections that signif-
icantly affect other flights in terms of delay propagation. Here, we study
out-degree centrality and betweenness centrality. The first helps to
identify the important nodes based on their out-degree, that is, flights
that lead to delayed propagation to others. The second helps to identify
important nodes and edges based on the flow of information through
them; that is, to identify flights and connections through which delays
propagate. The betweenness centrality of node v is given by:

o(s, t|v)

o(s,1) )

cp(v) =
steV

where V is the set of vertices, o(s, t) is the number of shortest paths be-
tween all pairs of nodes (s,t), and o(s, t|v) is the number of shortest paths
between all pairs (s, t) through node v. The edge betweenness centrality
of edge e is as follows:

o(s,tle)
o(s,1)

cle) = 2

s;teV

where o(s, t|e) denotes the number of shortest paths between all pairs of
nodes (s,t) through edge e. The out-degree centrality of node v is
expressed as

3

where o(v) is the out-degree of node v and n is the number of nodes.
Generally, degree centrality is normalized by dividing the value by the
maximum possible value, that is, n — 1.

Percolation: It is the study of removal of nodes/edges of a network
and their effect on the connectivity of the network. In an airline scenario,
when applied to a delay network for node percolation, flight delays
should be avoided to avoid significant disruptions. It can be observed as
dynamic betweenness, where we calculate betweenness of the network
and remove the node/edge with the highest value, then betweenness is
calculated for the network and then the node/edge with the highest value
is removed, and so on.

Diameter: Diameter of a connected network is defined as the largest
shortest distance between any two nodes. The diameter of a disconnected
network is infinite because some nodes cannot be reached. This concept
indicates the minimum number of flights required to propagate delays
from any part of the network to any other. The smaller the diameter, the
better the air connectivity; however, the greater are the chances of dis-
ruptions because fewer flights would be required for the propagation of
delays to the entire network.

Small-world effect: When one can reach from any node of the network
to any other node in the network in few steps, then the network is said to
exhibit small-world effect. In an airline network, if the small-world effect
occurs, the network is susceptible to large disruptions because delays can
propagate to the entire network with just a few flight delays. This effect
can be measured using the diameter of the network; therefore, if the
network has a small diameter, it exhibits a small-world effect.

Density: It can be defined as the ratio of the number of links in the
network to the total number of possible links in the network. This can be
a good metric for comparing different layers of an MFCN. The density of a
network is given as
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m

=D

4

where m denotes the number of edges in the network. The density of the
network is zero if it has no edges and one if it is a complete network.

4. Case study

Here, we present a case study of an operating airline to demonstrate
the proposed methodology. We discuss the data used in the analysis and
the results of the analysis with different types of networks to which data
has been modeled, namely, airport flight, flight connection, and MFCNs.
Each network has two variations: CN and DN, as discussed in Section 3,
and we used the out-degrees to discuss the results because the in-degrees
are similar to the out-degrees for airline networks and they can be used to
track the propagation of disruptions/delays from one airport/flight to
another. Analysis of the CNs revealed that the potential disruptive ele-
ments and DNs reveal the actual disruptive elements of the network.
Many cases arise from the results of these two analyses, which should be
interpreted carefully. Therefore, we have developed the following
ranking system (in order of descending priority) to prioritize fixing the
disruptive elements of an airline for developing robust operations.

(1) If potential and actual disruptive elements overlap and the over-
lapped elements come up across multiple techniques, such as
disruptive elements using percolation and disruptive elements
using betweenness centrality, the disruptive elements are
considered to have the highest priority and should be addressed
first, to improve the airline operations. This is because these ele-
ments indicate an issue with the airline schedule.

If potential and actual disruptive elements overlap and the over-
lapped elements occur only once, it indicates an issue with the
airline schedule.

If there is no overlap between potential and actual disruptive el-
ements; however, some of the actual disruptive elements come up
in multiple techniques, the disruptive elements need attention as
they have caused disruptions in the operations.

If there is no overlap between potential and actual disruptive el-
ements, and no element comes in multiple techniques, there is no
major issue with the airline schedule. It is not possible to prioritize
the disruptive elements in this case; however, the analysis is still
useful for an expert, for identifying disruptive elements that can
be prioritized.

If there is no overlap between potential and actual disruptive el-
ements, and some of the potential disruptive elements occur in
multiple techniques, the disruptive elements only identify the
busiest elements of the network, and from the current analysis
they appear to be well taken care of and do not require more
attention.

(2

—

3

(€]

(5)

4.1. Data

We conducted a case study of an airline with a hub-and-spoke to-
pology (a method of connecting nodes in a network with most of the
nodes connected to one central node and other nodes having few con-
nections among them), as confirmed by the results, whose name is not
revealed on request of the airline. The data received from the airline for a
period of six months include flight details (i.e., aircraft used, origin and
destination airports, scheduled and actual departure and arrival times,
and minimum ground times) few anonymized details about passengers
(i.e., the number of passengers of different travelling classes) and crew
connection details (i.e., crew IDs) shared between connecting flights, as
summarized in Table 3. Flight delays are calculated as the difference
between the scheduled and actual times of the flight, and delays are said
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to be propagated from one flight to another if the first flight is delayed
and leads to the delay of the second flight. This is equal to the arrival
delay of the incoming first flight minus the slack time, where the slack
time is the time difference between the departure of the second flight
(connecting flight) and the arrival of the first flight minus the minimum
ground time, to prepare for the second flight (for mathematical deriva-
tion, please refer to Giannikas et al. (2022)). The data were anonymized
and all flight numbers and airport names were assigned names 1, 2, 3, ...
and Al, A2, A3, ..., respectively.

4.2. Airport-flight network

The diameter of an AFCN is four, which means that it will take a
minimum of four flights to propagate a delay to the entire network of the
airline. That is, the AFCN exhibits a small-world effect, which means that
one node can reach any other node of the network with few edges
(Newman, 2018). The results of AFN are presented in Fig. 3. Disruptive
elements in the CN are similar to those in the DN of the AFN. Unlike the
flight-connection networks (FCNs) (shown in the next subsection), for
AFN, we have shown the results using a single figure for each category.
This is mainly because AFN represents a high-level view of an airline,
where it studies disruptive airports and disruptive airport pairs over a
period of six months and does not go to flight level.

Fig. 3(a) shows the out-degree distribution of the network. It is the
same for the CN and the DN because if some airports have outgoing
flights to four other airports, the DN will have connections to those air-
ports because there is a high probability that at least one flight to the four
airports will be late in six months. As shown in Fig. 3(a), the degree
distribution is quite different from that of real-life networks, which
follow the power law (Cong et al., 2016). This is because the network has
one airport with a large number of connections to other airports, and
most of the airports are connected to a few other airports, meaning that
the network topology is hub-and-spoke, and there is one hub airport
through which other airports are connected.

Fig. 3(b) represents disruptive airports using out-degree centrality.
From the Fig. 3(b), it is evident that A1 is the central airport, that is, many
connecting flights take off from Al, and there is a huge difference in
terms of air traffic with other airports. Thus, Al is the hub airport, and
the network follows a hub-and-spoke topology, as already indicated by
the degree distribution. Fig. 3(c) represents disruptive airports according
to betweenness centrality and presents the top airports with high traffic
flow and delay propagation through them. Once again, Al airport has the
highest traffic and delays because most flights pass through it. Fig. 3(d)
represents disruptive airport pairs with the highest traffic flow and delay
propagation. Most airports include Al as an airport because Al is the hub
airport. Moreover, the top three disruptive airport pairs have flights from
Al to A106, A76, and A98; however, the difference was not significant
between different pairs.

Table 3
Airline data description.

Name Description

Flight number
Origin airport

This is number assigned to each flight and it might not be unique.
This is the airport from where the flight takes off.

Departure This is the airport where the flight lands.
airport

STA This is the scheduled time of arrival of the flight.

ATA This is the actual time of arrival of the flight.

STD This is the scheduled time of departure of the flight.

ATD This is the actual time of departure of the flight.

MGT This is the minimum amount of time a flight needs to get ready for
the next flight.

Passengers Number of passengers travelling in different classes for the
connecting flight.

Crew ID This is the unique (anonymized) id associated with each crew
member.

Crew flights Flights served by particular crew members.

116

Data Science and Management 6 (2023) 110-121

Clearly, the hub airport Al has the highest traffic and causes the
highest number of delay propagations; thus, it needs the most attention
to improve the airline’s operations. Moreover, there are overlaps among
the results represented by Figs. 3(b)-(d); for example, A98 and A55 are
common to all of them; therefore, they need the second-highest attention
to improve the airline’s operations.

4.3. Flight-connection network

The results of the FCN are presented in Figs. 4-8. Fig. 4 shows the
degree distribution, which is similar to the AFN, but it is quite different
from real-life problems with a large number of peaks at the tail for both
connection and delay networks. The degree distribution for the CN shows
that most flights can affect only one or two flights, and the degree dis-
tribution for the delay network shows that most delays are propagated to
one or two flights, that is the schedules of the airline are quite robust. We
can observe some peaks in the tail of the degree distribution for the CN,
which shows that some flights can influence many flights because they
have connections to several other flights; for the delay network, it shows
that in some cases delays were actually propagated to many flights.

Fig. 5 represents the top disruptive flights using out-degree centrality,
where Fig. 5(a) shows the flights that can influence many flights because
they have many connections, according to the schedule. Fig. 5(b) shows
the flights that actually lead to delayed propagation to many flights.
There are some overlaps between Figs. 5(a) and 5(b). For example, flight
numbers 451 and 457, which means that these flights were expected to
cause delay propagation as per the schedule, actually led to delayed
propagations.

Fig. 6 represents disruptive flights as per the node-betweenness cen-
trality, where Fig. 6(a) shows flights with high connectivity through
them. These flights are the potential disruptive elements because if
anything goes wrong with them, they can influence several other flights.
Fig. 6(b) shows top flights through which delays were propagated to
many flights. Flight numbers 179, 169, and 14 are common in Figs. 6(a)
and 6(b), which means that as per the airline schedule, they were po-
tential disruptive elements and actual disruptive elements when the
schedule was executed; therefore, these flights need special attention to
improve airline operation.

Fig. 7 represents the disruptive flight connections using the edge-
betweenness centrality. Fig. 7(a) shows flight pairs, that is, connections
through which there is the highest traffic flow and contain potential
disruptive elements because delay propagation on these connections can
cause delay propagation to several other flights. Fig. 7(b) shows con-
nections that were delayed and led to the highest delay propagation to
other flights. Connections (438,439), (446,447), and (260,261) are
common to both potential and actual disruptive elements; therefore,
attention is required to improve airline operations.

Percolation is an interesting phenomenon in network science and it
can be very useful in DNs to avoid large disruptions (Table 2). We applied
node percolation to the DN, and the results are represented in Fig. 8. This
tells us which flights should avoid delays to avoid delay propagation and
become a big disruption. This can be observed as a dynamic betweenness
centrality, that is, removing the most influential flight using betweenness
centrality scores, and then recalculating the centrality scores and
removing the flight with the highest score and so on. This provides better
results than betweenness centrality because when a flight is removed
from the network, the connectivity of the remaining flights changes; thus,
the second-highest flight in the first calculation of centrality may not be
the same after calculating the new centralities. Notably, the order of
flights represents the flights according to their importance, with the most
influential flight on the left-hand side; however, their centralities are not
in order. This is because the centralities are calculated for networks of
different sizes because of the removal of flights. Flight numbers 14, 169,
and 100 are potential and actual disruptive elements that require
attention.

From these results for FCN, it is evident that there are some overlaps
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Fig. 3. Analysis of airport-flight network (AFN). (a) Airport-flight network out-degree distributions; (b) disruptive airports using out-degree centrality in airport-flight
network (AFN); (c) disruptive airports using betweenness centrality in AFN; (d) disruptive airport pairs using betweenness centrality in AFN.

in the disruptive elements of the CN and DN, which means that some
flights could cause delays owing to their tight schedules, and these flights
lead to delay propagation for other flights. Therefore, the airlines should
pay attention to overlapped disruptive elements to improve their
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Fig. 4. Flight-connection network (FCN) out-degree distributions.

117

operations. In addition, some flights are common to different results; for
example, flight 14 is an actual disruptive element from Figs. 5-8, such
flights require the most attention to improve operations. Moreover, not
all potentially disruptive flights are actual disruptive elements, for
example, flight number 390 in Fig. 5(a). This could be attributed to
multiple reasons. For example, flights might have sufficient slack time
between the connections; therefore, the delays from the incoming
delayed flights are absorbed by slack time, or there could be alternate
crew and aircraft arrangements to tackle the late connections. It is
difficult to determine exactly what happened to the flight at the time of
operation from the available data because airlines use different recovery
strategies. However, from the data, we observe that flight 390 had many
potential connections, most of which were passenger connections, and it
had sulfficient slack times, of which only a few led to actual delay prop-
agations; therefore, flight 390 is not an actual disruptive element.

4.4. Multilayer network

The results for the MFCN are represented in Fig. 9 and Table 4. Fig. 9
shows the degree distribution for different layers of multilayer connec-
tions and DNs using box plots. From Figs. 9(a) and 9(b), it is evident that
there is greater variability in the mean of passenger connections as well
as larger outliers for both the CN and DN. This means that passenger
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Fig. 5. Disruptive flights using out-degree centrality in fully convolutional networks fully convolutional networks (FCN). (a) Connection network; (b) delay network.
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Fig. 7. Disruptive connections using edge-betweenness centrality in fully convolutional networks (FCN). (a) Connection network; (b) delay network. The labels on the

x-axis were shortened by keeping only the flight number.

connections are not only potential causes for big disruptions but are also
the actual cause for the biggest disruptions in the airline network. Tail
connections are the second major disruptive element, and crew connec-
tions do not lead to large disruptions. Therefore, passenger connections
are disruptive (both potential and actual) in airline networks.

Table 4 compares the network properties for the different connection
types of the network. Table 4 shows that the density of passenger con-
nections in the CN is greater than that of crew and tail connections, which
means that the airline has more passenger connections than crew and tail
connections. Similarly, the density of the passenger connection is greater
than that of the crew and tail in the DN, which means that most of the
delays are propagated through passenger connections. Therefore, pas-
senger connections are the most disruptive connection type for the
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airline, as already pointed out by the degree distribution; thus, airlines
need to pay attention to passenger connections to avoid delay
propagations.

5. Conclusions and implications

Here, we discuss the theoretical and managerial implications, limi-
tations, and future scope of study.

5.1. Implications for research

We propose modeling airline schedules and historical operational
data as AFN, FCN, and MFCN, each with two variants: CN and DN. We
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Fig. 8. Disruptive flights using percolation in fully convolutional networks (FCN). (a) Connection network; (b) delay network.

Table 4
Comparative study of different connection types of multi-task fully convolutional
network (MFCN).

Property Connection type  All Tail Crew Pax
Densi CN 0.063292 0.013347 0.007182 0.053296
v DN 0.005596  0.000986  0.000182  0.004820

Note: Connection network (CN); DN: delay network (DN).

applied network science concepts and techniques such as centrality,
percolation, and MNs to find disruptive airports, flights, flight-
connections and connection-types. Connection networks model airline
schedules as networks and provide potentially disruptive elements,
whereas delay networks model the historical operational data and pro-
vide actual disruptive elements. The proposed work analyzes the his-
torical operational data and the airline schedules, and cross-checks for
disruptive elements in the schedule and historical operational data. A
ranking system is also proposed to identify and prioritize the potential
and actual disruptive elements obtained from different modeling and
network science techniques. The unique modeling approach and ability
to directly identify disruptive elements, such as airports, flights, flight
connections, and connection types, distinguishes the proposed method-
ology from the existing work (Giannikas et al., 2022; Gui et al., 2020;
Wong and Tsai, 2012; Wu et al., 2019).

The proposed idea is validated with a case study of an airline, and it is
observed that there is some overlap between potential and actual
disruptive elements, which indicates that some issues with airline
schedules itself cause delay propagations. The airline network has a
small-world effect with a diameter of four, which means that the airline

has high connectivity, which can result in delays propagating from any
part of the network to any other part with only four flight delays. As
reported in Giannikas et al. (2022), passenger flight connections from
one flight to another cause the highest number of delays.

There are two types of disruptive elements: potential disruptive ele-
ments analyzed from airline schedules and actual disruptive elements
analyzed from historical operational data, which should be interpreted
and prioritized appropriately. The disruptive elements in schedules and
historical data indicate that an issue in the airline schedule could cause
flight delays and has the highest priority. Similarly, disruptive elements
found in DNs using different techniques, such as percolation and
betweenness centrality, have a high priority. However, some disruptive
elements are least important, such as those occurring only in schedules,
and they could be extensively used.

Thus, the theoretical or methodological contribution of this study to
solve the delay propagation problem is the development of a novel
network science-based methodology to model airline schedules and
historical operational data that can identify the most disruptive airports,
flight numbers, flight connections, and flight connection types. This
study also discusses guidelines for interpreting and prioritizing disrup-
tive elements. Thus, the proposed methodology provides airlines with a
simple tool for building robust flight schedules by focusing on the
disruptive elements. This could help reduce the negative impacts of delay
propagation on economic losses, reputation of airlines, time, and money
of passengers, and could have a positive environmental impact. Finally,
the analysis can be extended to other network analyses to identify key
elements, such as rail and telecommunication networks.
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Fig. 9. Multi-task fully convolutional network (MFCN) out-degree distributions. (a) Connection network; (b) delay network.
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5.2. Implications for management practice

From a managerial perspective, the study helps an airline in analyzing
their operations, build robust flight schedules, and best utilize its re-
sources. First, it helps evaluate schedules and improve them by looking
for overlapping disruptive elements in CN and DN, which indicates issues
with the schedule. Second, it helps an airline look at historical opera-
tional data and identify the culprits of big disruptions by looking for
disruptive elements and paying attention to them in the future to avoid
the same disruptions again. Airlines can deal with disruptive elements in
different ways; for example, they can introduce extra slack time for
disruptive passenger connections, arrange extra crew for disruptive crew
connections, and arrange extra aircraft for disruptive tail connections.
Hub airports also require special attention as they are the busiest and one
of the most disruptive elements. Similarly, for disruptive flights, there
should be sufficient slack time or extra crew or tail arrangements,
depending on the delay codes of the disruptive element. Thus, the
analysis provides a tool for improving the operations of an airline and it
can be applied as follows. First, the analysis is run to identify potential
and actual disruptive elements using different network science tech-
niques, rank the disruptive elements (as described in Section 4) according
to their priority, and attend to them to improve the schedule and oper-
ations of an airline.

The data required for using the proposed methodology are captured
by all airlines in their software systems; thus, the proposed methodology
and the tool for carrying out the analysis can be integrated with the main
systems of the airlines. This can perform automated analysis for the
airlines and can identify top (“N” number of) disruptive elements as per
their ranking. Thus, an automated and integrated system could be
developed to manage and improve airline operations.

Although the full potential of the proposed network science-based
approach is achieved by having complete data, publicly available
airline data can be used to obtain some of the results. Another managerial
use case for an airline is the development of a benchmarking system to
compare the performance of the airline against competitors using pub-
licly available data from public organizations, such as the Bureau of
Transportation Statistics in the U.S. or aggregators (such as FlightStats
and FlightRadar24). Moreover, publicly available airline data can be
augmented with data simulators, such as Barnhart et al. (2014), to
perform the analysis.

5.3. Limitations and future research

In this study, we proposed a novel network science-based method-
ology to solve the delay propagation problem for an airline’s flight
network by identifying the top disruptive elements and demonstrated it
using a case study of an airline. This methodology provides airlines with
an important tool for improving operations by identifying the most
disruptive elements of airline networks. However, the proposed network
science methodology can be extended to other fields, where data can be
presented in terms of networks and have events such as disruptions. For
example, the analysis can be adapted to other transportation networks,
such as rail networks, which can help identify the most disruptive trains
or routes. Similarly, the analysis can be extended to telecommunication
networks to identify key elements of the network, for example, the
busiest routers and channels; accordingly, extra resources can be added
or alternatives can be kept to handle disruptive situations.

Disruptive element analysis presents a static view of airline opera-
tions over time, which is helpful for the airline to reflect upon, analyze its
performance, and make decisions to improve operations. However, the
airline schedule can be further improved and made more robust to dis-
ruptions by closely analyzing the operations of the airline on an hourly
basis. Thus, possible extension of the work is dynamic analysis of the
disruptive elements in the airline networks, to further improve the op-
erations and will be studied in the future extension of the work.
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