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Flight Data Monitoring (FDM) has become an essential component of modern Safety
Management Systems by enabling the proactive identification of operational risks and
supporting continuous safety improvement. While previous studies have primarily focused on
the technical and analytical capabilities of FDM systems, limited attention has been given to
pilots’ perceptions of FDM and its contribution to operational decision-making. Therefore, this
study aims to investigate pilots’ perceptions of flight safety in relation to the use of FDM systems
and to examine whether these perceptions differ according to demographic and professional

Pilot Perception. characteristics. The study employed a quantitative research design. Data were collected through

Jel Code: a structured questionnaire consisting of 24 items administered to 33 volunteer captain pilots and
700 first officers employed by Air Albania. Statistical analyses were performed using SPSS 26.
Independent samples t-tests and analysis of variance (ANOVA) were conducted to identify
differences among demographic groups. The results revealed statistically significant differences
in pilots’ perceptions of FDM based on rank and age. Significant differences were identified
between captains and first officers regarding their observations of safety and operational
improvements resulting from FDM analyses. Furthermore, age-related differences were found
in perceptions concerning the influence of FDM on operational decision-making processes.
Unlike previous studies that predominantly focused on technical aspects of flight data analysis,
this research examines the human and operational dimensions of FDM systems through pilots’
perceptions. The findings contribute to the literature by demonstrating that the effectiveness of
FDM systems depends not only on technological capabilities but also on pilots’ acceptance,
organizational support mechanisms, and safety culture.
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Introduction

Flight safety is one of the most critical concerns in modern aviation, requiring pilots to accurately perceive,
process, and respond to a wide range of information. Human factors, particularly pilot perception, significantly
influence decision-making and operational performance during flight. To maintain their operations at a certain
level, airlines must expand their scope and develop fuel-efficient solutions. Civil aviation has become a sector
of interest within the transportation industry due to the use of advanced technology and a competitive
environment. The concept of safety refers to the state of not encountering undesirable situations that could
cause significant harm or lead to destruction or that have the potential to occur. In other words, it is defined as
the state of being free from situations that could cause injury, damage, or death; it is also described as the
absence of danger or immunity from injury, damage, or death (International Civil Aviation Organization ICAO
Annex 19, 2011). However, it is difficult to say that situations posing no danger will never occur, especially
during flight and when considering aircraft manufactured with advanced technology. Therefore, safety is a
relative term that reflects the perceived and accepted level of risk, and it is a condition that exists and is possible
in the aviation sector (Bagsak and Giilen, 2008). In its simplest sense, situational awareness is an individual’s
ability to understand what is happening in their surroundings. When considering the aviation industry, the
environment is dynamic. In this environment, operations are constantly in flux, and at times, multiple tasks are
performed simultaneously. It is of vital importance to maintain control over this entire process and take the
necessary actions at the right time.

To fully develop situational awareness, one must master three fundamental stages. These stages (Endsley,
1999) are:

*  The first stage is the perception of the environment,
* The second stage involves processing information into meaningful knowledge and synthesizing it,
*  The third stage is making predictions about the future.
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Safety can also be defined as the avoidance of loss of life, bodily injury, occupational disease, property
damage, loss of facility usability and adverse environmental impacts (Aksoy, 2006). Various obligations,
responsibilities to be fulfilled, authorities, and accountabilities should be established in safety management
system procedures, and additional measures should be taken in this regard.

A safety management system consists of the scope of the safety management system, safety policy and
objectives, safety obligations, the safety manager, documentation and control procedures, coordination of
emergency action plans, hazard identification and risk management plans, safety assurance, safety
performance monitoring, safety audits, change management, safety incentives, and contracted activities (ICAO
Annex 19).

The concept of human factors is a discipline that examines the physical, cognitive, and social factors
affecting human performance, safety, and efficiency in the civil aviation sector. Human factors contribute to
areas such as aircraft design, training, operations, maintenance, ergonomics, communication, safety culture,
human errors, and risk management skills. Human factors analysis examines the interaction between people
and other system stakeholders, such as the environment, facilities, and equipment. It aims to ensure harmonious
cooperation between people and the system (Bayat, 2008). The topic of human factors is considered mandatory
training by ICAO. These training programs cover processes ranging from aircraft design to the manufacturing
stage. Certification training encompasses all activities performed by cockpit and cabin crews, as well as the
technical teams responsible for aircraft maintenance (Campbell & Jardine, 2001).

It is widely accepted worldwide that aircraft are the most reliable mode of transportation. However,
although statistically rare, the accidents that do occur highlight the need to review safety measures and
implement innovations. When examining the causes of accidents, the accident-fatality rate resulting from
human errors—often considered minor—is quite high. Eliminating the causes of accidents—which are
examined under headings such as flight crew, aircraft maintenance personnel, weather conditions during flight,
and the geographical conditions of the airport or seaport—is the goal of all stakeholders involved in aviation
(Yavuz, 2013).

These situations can stem from various factors, such as malfunctions in aircraft systems, weather conditions
or human error. In aviation, abnormal situations that are unexpected may lead to undesirable events or
conditions which pose potential threat to flight safety. Strategies for identifying and preventing abnormal
conditions, used in the aviation industry to reduce accidents and incidents, manage risks, improve performance,
and foster a culture of safety are as follows.

Safety Management System (SMS): This strategy involves a management approach used to systematically
plan, implement, monitor, and improve safety in aviation operations. The SMS consists of four main
components: safety policy, safety risk management, safety assurance, and safety promotion (Gemici, 2019).

Threat and Error Management (TEM): This strategy is a set of skills that pilots use to identify, prevent or
manage threats (external factors) and errors (internal factors) they encounter during flight. TEM is used to
enhance flight safety, reduce human-factor-related errors and improve crew resource management (Bagdemir,
2020).

Flight Data Analysis (FDA): This strategy is a method used to analyses flight data recorded during a flight,
evaluate flight performance, identify flight regimes, detect abnormal conditions, and take necessary measures.
FDA is used to improve flight safety, quality, efficiency, and environmental impact. The FDA program ensures
that flight analyses are regularly downloaded and recorded. As a result, a database related to this field is
maintained, and information is shared. With advancing technology, many innovations have emerged, foremost
among them being FDM (Flight Data Monitoring). Along with these technological advancements, FDM
systems have evolved. The development of FDM systems will play a significant role in the future of the
aviation industry. In the future, FDM systems will become even more complex and will be developed to further
enhance flight safety, efficiency, and convenience (Wang B., Liu, Peng, & Peng, 2019). For example, the
tremendous progress made in fields such as artificial intelligence (Al), Data analytics, the Internet of Things
(IoT), and virtual reality (VR) has enabled FDM systems to become smarter, faster, more accurate, and more
effective.

FDM is one of the proactive and predictive safety management tools included in the safety management
system defined by ICAO. FDM directly contributes to risk management and safety assurance dimensions,
which are fundamental components of the safety management system. By enabling the systematic
identification of operational deviations and potential hazards through data collected during flights, the system
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can develop regulatory and preventive measures before accidents and serious incidents occur. Furthermore,
using the data obtained for the purpose of learning and improvement rather than punishment contributes to a
culture of safety.

These technologies have improved the data collection, processing, analysis, interpretation, reporting, and
feedback processes of FDM systems. They also play an effective role in the processes related to pilot training,
performance evaluation, human factors analysis, resource analysis, and the efficient use of resources within
FDM systems, as well as around error management within flight operations (European Aviation Safety
Authority EASA, 2020).

The technologies used include:

Artificial Intelligence (Al): This technology is used to analyse flight data, evaluate flight performance
parameters, determine flight regimes, detect abnormal conditions, and take the necessary measures. Al utilizes
subfields such as machine learning, deep learning, natural language processing, computer vision, and speech
recognition systems to understand, learn from, and predict flight data (Sen et al., 2020).

Modern aircraft collect data from numerous sensors during flight. This data is voluminous and complex.
Artificial intelligence supports aviation safety efforts by analyzing this big data in areas such as data filtering
and classification, and anomaly detection.

The machine learning algorithms learn normal operational values from historical flight data and use this
information to detect future abnormalities. By proactively identifying potential hazards, swift action can be
taken. For example, an algorithm that detects sudden increases in engine vibrations can ensure maintenance is
performed before a failure occurs. Al-based systems can alert pilots in real time to dangerous situations.
Additionally, these systems can simulate events to understand cause-and-effect relationships.

Internet of Things (IoT): This technology is used to collect, transmit, and store flight data, and consists of
sensors, devices, networks, and cloud systems located on aircraft, at airports, at ground stations and in other
relevant facilities.

Cloud computing: This technology is used to process, analyse, interpret, and report on flight data, as well
as provide feedback. Cloud computing is a service that stores, processes, and delivers flight data on remote
servers. This technology can enhance the security, accessibility, scalability, and cost-effectiveness of flight
data (Keles and Keles, 2018). Cloud computing plays a crucial role in the aviation sector by significantly
contributing to the digitization of operational processes, enabling more secure data management, and ensuring
a seamless flow of information among various stakeholders without disruptions (Tutkun and Bilal, 2025).

IoT devices ensure that the numerous sensors and systems on board an aircraft remain in constant
communication. Thanks to real-time data stream, pilot control inputs, weather conditions, and aircraft system
information can be obtained instantly, and since all systems on board are interconnected, data monitoring
systems can gather more comprehensive information.

Pilots' Concerns and Solutions Regarding FDM

When viewed from the outside, decision-making appears to be a very simple action. However, the act of
decision-making is the result of a process. During this process, the pilot generates a wide range of options.
They evaluate all options and select the most appropriate course of action. Since the resulting decision is made
under time pressure, this increases the likelihood of making a wrong decision. Pilots generally implement the
first viable decision rather than comparing many options to make the best one (Simpson, 2001).

The concerns and solutions of pilots and airlines are an important issue in the aviation industry. Pilots and
their respective airlines may encounter various issues that can affect flight safety and security, the smooth
operation of flights, company efficiency, and all performance metrics. These issues include the following:

Pilots’ health: It is crucial for flight safety that pilots are in good health. Pilots receive their flight fitness
certificates after undergoing health checks before, during, and after flights. However, pilots’ health status can
change over time, and factors such as stress, fatigue, sleep disorders, depression, and alcohol or substance
abuse encountered during flight can negatively affect pilots’ performance and flight safety. For this reason,
pilots’ health-related conditions must be continuously monitored and addressed (Oguz, 2015).

Pilot education and development: Pilot training and development are crucial for flight quality and
efficiency. Pilots receive theoretical and practical training at flight schools or airlines. However, pilot training
and development are not limited to flight skills alone. Pilots must also possess non-technical competencies
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such as human factors, crew resource management, threat and error management, communication, leadership,
decision-making, problem-solving, and stress management. Training programs for pilots should incorporate
and implement the latest methods, technologies, and standards to enhance their education and development
(Hartzler, 2013).

Airline costs and competition: Airlines implement various strategies to manage costs and competition. They
strive to control their fixed and variable costs, such as fuel, personnel, maintenance, insurance, taxes, and
airport fees. In addition, airlines compete with their rivals to maintain or increase their market share. For this
reason, airlines use cost reduction to increase revenue, enhance customer satisfaction, and improve operational
efficiency and quality (Davis et al., 2008).

Automated Reporting Processes

Automated reporting systems and notification mechanisms are technological tools used to collect and
process data, analyses and interpret the resulting data, and following all these processes, generate reports and
present them to the relevant individuals or organizations. Automated reporting systems and notification
mechanisms are used across various industries and fields for purposes such as data-driven decision-making,
performance measurement, quality improvement, risk management, auditing, compliance, training, and
feedback. Automated reporting systems and notification mechanisms encompass data sources, report design,
report format, report distribution, report security, report monitoring, and report updates.

In automated reporting processes, data is collected via the FDR (Flight Data Recorder) and QAR (Quick
Access Recorder). The collected raw data is checked for accuracy. Incorrect, incomplete, or corrupted data is
detected and filtered out by the system. The data obtained here is compared against defined flight limits and
safety parameters. The reporting process is carried out according to predefined templates. Report types may
include a daily operations report (a summary for each flight), a systematic limit violation report (analysis of
recurring errors), and a safety performance report (long-term trends and risk analysis).

FDM Applications for Airlines

The European Union (EU) Flight Data Monitoring (FDM) regulation is defined under Commission
Regulation (EU) No 965/2012 (specifically Annex III, Part-ORO, rule ORO.AOC.130), requiring commercial
air transport aeroplane operators with a maximum certificated take-off mass over 27,000 kg to run a proactive,
non-punitive digital flight data analysis program (Commission Regulation (EU) No 965/2012)

Safety is the state in which risks associated with aviation activities, related to or in direct support of the
operation of aircraft, are reduced and controlled to an acceptable level. (ICAO 2022)

The development of FDM systems will play a significant role in the future of the aviation industry. In the
future, FDM systems will become even more complex and will be developed to further enhance flight safety,
efficiency, and convenience (Wang et al., 2019). Aircraft must obtain a flight permit to conduct aviation
operations, and this permit can be obtained with an Airworthiness Inspection Certificate confirming that the
aircraft has undergone regular maintenance.

The purpose of this study is to identify the perceptions of pilots working in the aviation industry worldwide
regarding the FDM system, to examine the effects of flight safety improvement initiatives on airline safety,
and to use the findings as a reference for both the aviation industry and future research.

A review of the literature reveals that research on FDM systems is quite limited. This gap highlights the
importance of the present study and its potential to fill a gap in literature. A literature review on this topic has
been conducted, and the studies examined are summarized in the table below.

Although previous studies have demonstrated the effectiveness of Flight Data Monitoring (FDM) systems
in anomaly detection, operational performance monitoring, machine learning applications, and proactive safety
management, limited attention has been paid to pilots’ perceptions of FDM systems. The studies conducted by
Li (2009; 2015; 2016), Chrysanthos (2014), Walker (2017), Oehling and Barry (2019), and Zhao et al. (2021)
primarily focused on the technical capabilities of FDM systems and their contribution to operational safety. In
contrast, the present study examines the human dimension of FDM by exploring pilots’ perceptions regarding
the effectiveness, usefulness, and operational impact of these systems. Therefore, this research extends the
existing literature by addressing a relatively underexplored area, namely the interaction between pilots and
FDM systems, and the extent to which pilots perceive FDM as a tool supporting flight safety and operational
decision-making
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Study Name Author Date Purpose Conclusion Reference
The results of the study demonstrated
that the cluster-based anomaly
detection  approaches developed
(ClusterAD-Data Sample and
Clustered-Flight) can detect

The aim of this study is to operationally significant and novel
develop a new a}rllomaly anomalies, surpassing the capabilities

. . of existing methods. It was
(Sijtec;;(t)n apg;(ici‘};e thatsa\letll determined that different algorithms
mfr?a emenrt) b tiliziny specialize in detecting different types

Anomaly Detection ro tinge flioht dZta ;lecor de% of deviations (pattern-based,

in Airline Routine (Flll)R) datag To this end. the instantaneous, or discrete parameter

Operations Using Li 2009 stud aims. to use clustt’zrin sequences); therefore, it was Li, 2009

Flight Data Recorder y ams e g concluded that a “hybrid” approach
analysis to identify risks before ..

Data accidents oceur detect combining these methods would
performance deviations early, offer superior performance.
and identify new types of Furthermore, it was observed that
anomalies y that yepxistin visualization  tools  significantly
methods cannot detect & reduced the time required for expert

: review; in summary, it was concluded
that this new system offers a
promising tool for airlines in the areas
of early detection of hidden safety
risks, predictive maintenance, and

improving education.
To investigate machine The results of the study show that,
learning methods for detecting using a new unsupervised anomaly
“atypical flights™which detection method developed based on
cannot be identificd using information theory (Rényi entropy),
traditional methods and ma outliers in clusters containing a high
lead to operational safey proportion of anomalous data were
issues—and pto develop netvz successfully detected. In addition, a

Kernel Methods for “kernel methods” for this nme::h:ri{;iarlvas i\(/)fr:llslzil:f;ii dtha;nlg

Flight Data Chrysanthos 2014 purpose. Accordingly, the goal capable of eryformin computations Chrysanthos, 2014

Monitoring. is to create an unsupervised and P performing P
robust anomaly detection faster than existing methods for
model  (usin dimension analyzing flight data. Testing these
reduction ;ln d g dynamic tir(r)le developed techniques on real airline
warping techniql}lles) that is datasets (Airlinel and Airline2)
suited to the nature of the Flight demonstrated that‘ the approach
Data  Monitoring  (FDM) complements classical event-based
svstem detection systems and produces
4 ) highly beneficial results.

In this study, the relationship
between both fuel consumption
and emission levels on
domestic flights and ATM was
demonstrated based on actual The study found that the operational
data. To this end, fuel LTO cycle, calculated using actual
consumption and the resulting flight data, showed significant
emission levels were differences from the ICAO standard
determined for the airport cycle; compared to the standards,
vicinity, the Terminal taxi-out (59%), climb (45%), takeoff
Maneuvering Area (TMA), and (29%), and taxi-in (26%) times were

An Analvsis of the the taxi phase. To determine shorter compared to the standards,

Effects ofy Air Traffic ATM flight inefficiencies at while the approach phase took 15%

Management on and around airports, the phase longer due to vertical separations. It

Aircragft Fuel durations of the Landing and was observed that the route with the

Consumption and Canarslanlar 2015 Take-off Cycle (LTO) were highest _horizontal  inefficiency— Canarslanlar, 2015

Emissions Based on
Actual Flight Data,
and a  Proposed
Model

determined for each airport
included in the study and
compared with the ICAO LTO.
To determine ATM flight
inefficiencies in the TMA and
en-route phases, horizontal and
vertical ~ flight inefficiency
analyses were conducted for
domestic flights. As a result of
these analyses, an ATM flight
inefficiency model was
developed to enable the easy
measurement of ATM
inefficiencies without the need
for  complex  calculation
methods.

IST-DNZ (44.9%)—was the one
most in need of improvement, and
that  significant  differences in
efficiency (e.g., ESB-IST 28.3%,
IST-ESB 15.2%) arose in reciprocal
flights between airport pairs due to
procedural differences. Furthermore,
it was concluded that vertical
inefficiencies stem primarily from
approach plans and procedures
during the descent phase, as opposed
to the climb phase.
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Alircraft

The purpose of this study is to
provide an overview of existing
performance monitoring
methods and to offer initial
insights into new research
opportunities for determining

The research found that existing
methods, which rely solely on fuel
consumption measurements derived
from steady-state flight data, are
insufficient for determining other
important performance parameters,
such as the aircraft’s maximum climb
rate or service ceiling. Instead, it has
been demonstrated that aerodynamic
coefficients can be estimated using

Performance Eliﬁl?ocl?é(’ & 2015 the physical characteristics of “system identification methods” Kgcajl();f)lr(r’litl\i g(\?ii;’lc’
Monitoring from Domitr(’)vié operational aircraft using flight based on data recorded by the QAR 2015 ’
Flight Data data, in order to track “actual (Quick Access Recorder) unit during
aircraft  performance”  that flight. It has been concluded that this
deviates from the theoretical newly  developed  aerodynamic
values in the flight manual due monitoring system can provide a
to factors such as structural much more accurate and
aging and high dynamic loads. comprehensive calculation of “actual
aircraft performance” by offering
additional information on the types of
physical disturbances on the aircraft
fuselage.
The results of the study demonstrated
The purpose of this study is to that the “Cluster AD-Flight’_’ method,
address the shortcomings of developed to analyze routine flight
current methods in the airline data, can | successfullly de‘t ect
industry that limit proactive abpormal ﬂl.g.h ts aI.ld hidden risks
risk management efforts and Wlthout.requlrmg prior knowledge of
fail to identify new issues anomalies. Comparlsons ‘revealed
because they rely solely on that_ C lust§r AD-Fl}ght 18 more
Analysis of Flight predetermined criteria. sertltsmve m dstectmg abnorinal
Data Using Li, Das, Accordingly, by applying pa delr(n s m C(;n 1nuous par}aﬁle fﬁs Li. Das. H
Clustering Hansman, clustering techniques to data and known safety issues, while t‘e 1, 88, Hansman,
. . 2015 . ; MKAD method performs better in Palacios, &
Techniques for  Palacios, & obtained from flight data dentifyi \ . Srivast 2015
Detecting Abnormal Srivastava recorders, this study aims to igentilymg - unusuat - sequences rivastava,

Operations

introduce a new method called
“cluster-based anomaly
detection” that can identify
abnormal flights (unique data
patterns) without requiring
predefined criteria or domain
knowledge, thereby supporting
domain experts.

discrete parameters. Considering
these findings, it was concluded that
a “hybrid” approach combining the
strengths of both methods should be
adopted in the future; furthermore,
reinforced learning models supported
by expert reviews should be
developed to reduce false alarms, and
the system should be extended to
cover all phases of flight.

An Incremental
Clustering ~ Method
for Anomaly

Detection in Flight
Data

Li, Hansman,

This article presents a new
approach to applying data
mining in flight data analysis
that enables aviation safety
experts to identify hidden risks
in daily operations without
specifying in advance what to
look for.

It has been observed that the
‘ClusterAD-DataSample’  method,
tested on real-world datasets, can
detect  operationally  significant
anomalies without requiring
extensive initial setup and
successfully represents increasing
risk levels. When compared to other
data-driven  methods, it has
demonstrated superior performance
in  detecting  known  security
incidents. However, it has been noted
that further research is needed to
comprehensively evaluate the
method’s performance in detecting
unknown issues.

Li, Hansman,
Palacios, &
Welsch, 2016

Monitoring  Safety
During Airline
Operations: A System
Approach.

Palacios 2016
&Welsch
Scarinci 2017

This study presents a new
approach to monitoring and
analyzing flight data to help
airlines identify unsafe system
behavior during operations.

The research found that traditional
event-based overrun analysis is
insufficient for processing the ever-
growing volume of FOQA (Flight
Operations Quality Assurance) data;
therefore, the STAMP and STPA
approaches—which are accident
causality models—were used to
improve this analysis. The study took
a holistic approach to hardware,
software, and human-automation
interaction (pilot practices); by
combining STPA concepts with
“hypothesis-driven engineering,” it
established a systematic method that
enables the identification of new
“leading indicators” (events) with

Scarinci, 2017
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proactive characteristics for FOQA
data analysis.

This article briefly examines

The study revealed that the vast
amounts of routine operational data
collected in aviation are not yet being
utilized to their full potential;
however, integrating this Big Data
with Flight Data Monitoring (FDM)

the history of black boxes and processes offers significant

Redefining the relates it to the fundamental opportunities, particularly in

incidents to learn knowledge base of safety understanding “human factors.” It

from: Safety science science. It then discusses Flight was emphasized that in safety

insights acquired on Walker 2017 Data Monitoring (FDM) as an science, a shift from “lagging Walker, 2017

the journey from example of the paradigm shift indicators” (learning from disasters)

black boxes to Flight from lagging indicators to to “leading indicators” (a proactive

Data Monitoring leading indicators, which is model) that detect weak signals in
necessary to continue learning routine operations is essential.
from incidents. Furthermore, it was concluded that

the data monitoring architecture
successfully implemented in the
aviation sector could be adapted to
other industries with modern data
collection infrastructure.
The purpose of this study is to The results of t‘he gtudy demonstrated
. . : that the application of the LoOP
investigate the potential of . L
. . . algorithm can enhance existing FDM
using machine learning (ML) . .
(Flight Data Monitoring) analyses
methods to generate new .
o and detect approach anomalies even
safety-related insights from . [P
existing flicht data. Airlines in the absence of a specific incident.
Using machine routine% & eneraté laree It has been demonstrated that the
learning methods in y 8 g developed method can be used not
L . amounts of flight data through .
airline  flight data routine monitorine. but the only to detect safety anomalies but
monitoring to Ochling  and ne, also to identify anomalies related to  Oehling & Barry,
2019 concept of deriving safety . . .
generate new Barry S . . the economic operation of aircraft 2019
. insights from this data still .

operational safety . . and to analyze large flight data sets
relies on detecting when . =

knowledge from by higher-level authorities such as

S expert-defined thresholds are . L . .
existing data. . national aviation authorities. This
exceeded. This system cannot . . .

. study, which successfully identifies
conceptually - recognize  new safety-related events that typical
patterns that do not fit these ¥ yp

. X FDM systems cannot detect, suggests
filters.  Machine  learning .
. . that future research should include
techniques can address this . .
a comparisons with the performance of
£ap- other outlier detection methods.
The aim of this study is to The results of the study demonstrated
overcome the time and memory that the new “incremental clustering
constraints arising from the method” proposed for detecting
need to cluster the data from anomalies in flight data can identify
scratch each time when using new clusters in dynamically growing
existing  offline  anomaly datasets, update existing ones, and
detection methods for the merge redundant clusters. Tests
An Incremental . . . . .
Clustering  Method analysis of ever-growing flight conducted on both labeled simulation
Zhao, Li, data (FDR/QAR). To solve this data and unlabeled real-world data  Zhao, Li, Alam,

for Anomaly 2021 . .

. . . Alam, & Wang problem, we aim to develop have proven that this new method can & Wang, 2021

Detection in Flight .

Data and propose a new Gaussian produce results comparable to those
Mixture Model (GMM)-based of the traditional “one-time GMM
anomaly detection method that clustering” method. Furthermore, it
can incrementally update was noted that additional validation
clusters based on newly and the development of new tools
arriving data, rather than will be required in the future for the
processing the entire dataset method to be used in airline safety
from the beginning. management and pilot training.

The aim is to demonstrate the The results of the study revealed the
role of a new method—which critical importance of “human
. enables the transmission of factors” and CRM (Crew Resource

Analysis of Data . R . . .

. data from an aircraft in flight to Management) training in aviation

from Flight Data . . .

a ground station via an RF accidents, as demonstrated by the two

Recorders  (FDRs) . L ; .

and Similar Devices (radio frequency) data linking comparative  accident  analyses

. identifying the causes of examined. While FDR and CVR data

Used to Determine . . L o .

. ; aircraft accidents and incidents. definitively established that
the Causes of Aircraft Inan . . S :
Accidents and 2021 The study also aims to present inadequate crew coordination caused Inan, 2021

. a statistical summary of the civilian jet accident, the root
Incidents  Through . . . o - .
Case Studics. and the commercial flight accidents cause of the military training aircraft

) between 1959 and 2016, (T-37C) accident—in which no FDR

Development of a ! . . .

. examine human factors theory, or CVR devices remained speculative

New Method for This . . . . o

Purpose analyze the critical impact of despite four separate investigations.

FDR/CVR devices on civil
aviation accidents through case
studies, and investigate FDA

In this context, it has been concluded
that equipping all training aircraft—
including military training aircraft—
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(Flight Data Analysis)
processes in routine flights.

with FDR and CVR devices is
mandatory to clearly determine the
causes of accidents.

Pilot Flying Versus
Pilot Monitoring: The

The purpose of this study is to
examine how two different
roles in the cockpit (the pilot
flying—PF—and the pilot
monitoring—PM) shape pilots’

The study found that when pilots
were in the pilot flying (PF) role, they
exhibited  greater  physiological
arousal and reported a higher
perceived level of risk compared to
when they were in the pilot
monitoring (PM) role. This finding,
which reveals an “asymmetric risk
perception process” between cockpit

Effect of  Role Gao, S., Wang, perception of - risk m the roles, indicates that traditional
. L., Zhang, N., aviation field. Accordingly, L . X
Assignment on . . . . aviation risk perception models must
2, . Bai, Y., Tian, 2025 perceived risks were measured . Gao, vd., 2025
Pilots Perceived . . also incorporate the effects of
. . . Y., Chen, S, .. through psychophysiological o e
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Method

This study employed a quantitative, cross-sectional research design to examine pilots’ perceptions of Flight
Data Monitoring (FDM) within the contexts of flight safety, operational decision-making, organizational
practices, and pilot performance. The study further investigated whether perceptions of FDM varied according
to selected demographic and professional characteristics of the participants. The questionnaire included
variables with different levels of measurement and addressed distinct aspects of FDM. Each variable was
therefore evaluated according to its measurement characteristics and substantive meaning. Numerical values
assigned to categorical responses were used for data coding and did not imply equal quantitative distances
between response categories. In particular ordinal categories represent an inherent ordering of responses, while
the intervals between consecutive categories cannot necessarily be considered equivalent (Sullivan & Artino,
2013).

The accessible population consisted of pilots employed by Air Albania during the data collection period.
No sampling procedure was applied, as the study sought to reach the entire pilot population within the airline.
All 33 pilots, comprising captains and first officers, voluntarily participated in the research. The resulting
dataset therefore covered the accessible pilot population of the airline during the study period. As the research
was conducted within a single airline, the findings were interpreted within the organizational and operational
context of Air Albania. Generalization of the results to broader pilot populations was approached with caution.

Data were collected through a structured questionnaire designed to examine pilots’ experiences with and
perceptions of FDM. The research instrument comprised 23 variables. Three variables addressed participants’
demographic and professional characteristics, while the remaining 20 questions focused on different aspects
of FDM.

The questionnaire addressed FDM training and interaction with the system, its perceived contribution to
flight safety, identification of potential safety hazards, perceived effectiveness, operational improvements
associated with FDM analysis, organizational support, implementation challenges, safety culture, strengths
and weaknesses of existing FDM practices, usability, privacy and confidentiality, data access and security,
organizational policies and procedures, operational decision-making, changes in flight practices, pilot
performance, and the use of FDM data in pilot training.

The questions employed different response formats in accordance with the characteristics of the information
being collected. The questionnaire therefore contained dichotomous and multicategorical nominal variables as
well as ordinal variables representing ordered levels of perception or evaluation. Numerical codes assigned to
nominal categories were treated exclusively as coding conventions and were not interpreted as indicators of
magnitude.

Combining multiple items into a composite scale requires evidence that the items represent a common
underlying construct and that the resulting measurement structure demonstrates adequate dimensionality,
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validity, and reliability (Boateng et al., 2018). The questions used in the present study addressed distinct
operational, organizational, and individual aspects of FDM. Consequently, the substantive questionnaire items
were analyzed as separate variables according to their respective measurement characteristics, and an overall
FDM perception score was not calculated.

Participation in the research was voluntary. Participants were informed about the purpose and scope of the
study before completing the questionnaire. The questionnaire was subsequently administered to pilots
employed by Air Albania. Responses were numerically coded to facilitate statistical analysis. The
measurement characteristics of each variable were preserved during the coding process. Numerical codes
assigned to nominal responses were treated as category identifiers, whereas the inherent ordering of response
options was retained for ordinal variables. Following data collection, the dataset containing responses from 33
participants was screened for valid cases, coding consistency, and conformity with the predefined response
categories. Data were analyzed using IBM SPSS Statistics version 26. The analytical procedures were selected
according to the level of measurement and distributional characteristics of the variables. Descriptive statistics
were initially used to summarize participant characteristics and response distributions. Nominal and ordinal
variables were reported using frequencies (*n*) and percentages (%). The inherent ordering of ordinal response
categories was retained throughout the analyses. Numerical category codes were not treated as continuous
measurements because numerical coding does not establish equal intervals between adjacent response
categories (Sullivan & Artino, 2013).

Inferential analyses were conducted to examine relationships between FDM-related responses and relevant
demographic and professional characteristics. Associations between categorical variables were evaluated using
Pearson’s chi-square test when the assumptions concerning expected cell frequencies were satisfied. Fisher’s
exact test was used when small, expected cell frequencies limited the appropriateness of the chi-square
approximation. Fisher’s exact test provides an appropriate method for examining associations between
categorical variables in small samples and sparse contingency tables (Warner, 2013). For ordinal outcomes
involving two independent groups, the Mann—Whitney U test was applied when the structure and distribution
of the data supported a meaningful comparison. Comparisons involving more than two independent groups
were conducted using the Kruskal-Wallis test where appropriate. These rank-based procedures were selected
in accordance with the ordinal nature of the relevant variables and the absence of an assumption of equal
intervals between adjacent response categories (Sullivan & Artino, 2013).

Inferential testing was restricted to comparisons that were conceptually relevant to the research objectives
and statistically interpretable within the available data. Variables characterized by highly concentrated
response distributions or insufficient observations across comparison groups were evaluated descriptively
when inferential testing could not provide a stable or meaningful estimate. This analytical strategy was adopted
to reduce the risk of overinterpreting unstable statistical results within the study population of 33 pilots.

All statistical tests were two-tailed, and the level of statistical significance was set at *p* <.05. Exact *p*
values were reported where applicable. Inferential findings were interpreted cautiously in consideration of the
number of participants and the single-airline research setting. Ethical approval for the study was granted by
the Ethics Committee of the Rectorate of Eskisehir Technical University under Decision No. E-87914409-
050.04-94948, dated August 14, 2025. Participation was voluntary, and the collected data were used for
scientific research purposes. The findings were reported in a manner that did not permit the identification of
individual participants.

Findings

The findings are presented in accordance with the measurement characteristics of the variables and the
analytical framework defined in the study. The analysis first describes the demographic and professional
characteristics of the participants, followed by the distribution of responses concerning the safety, operational,
organizational, and performance-related aspects of FDM. Subsequently, selected FDM-related perceptions are
examined across demographic and professional groups using appropriate non-parametric statistical procedures.
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Table 1. Demographic and Professional Characteristics of the Participants

Variable Category n %
21-30 years 10 30.3
31-40 years 6 18.2
Age 41-50 years 9 27.3
50 years and above 8 242
Total 33 100.0
1-5 years 13 394
. . 6-10 years 5 15.2
Flight experience 10 years and above 15 45.5
Total 33 100.0
Commander 17 51.5
Current rank Co-pilot 16 48.5
Total 33 100.0

Table 1 presents the demographic and professional characteristics of the participants. The largest age group
consisted of pilots aged 21-30 years (30.3%), followed by those aged 41-50 years (27.3%) and those aged 50
years or above (24.2%). Pilots aged 31-40 years represented 18.2% of the participants. In terms of flight
experience, 45.5% had 10 years or more of professional experience, while 39.4% had between 1 and 5 years
of experience. The remaining 15.2% reported 6—10 years of flight experience. The distribution by current rank
was nearly balanced, with commanders accounting for 51.5% of the participants and co-pilots for 48.5%.

Table 2. Descriptive Findings on Pilots’ Perceptions and Experiences Regarding FDM

Variable Response n %
Yes 13 39.4
FDM Training No 20 60.6
Total 33 100.0
Often 3 9.1
. . Rarel 19 57.6
Interaction with FDM Data Uponyrequest by the Safety Department 11 333
Total 33 100.0
Identifying weaknesses 4 12.1
Identifying the overall safety level 14 42.4
. Improving overall safe 2 6.1
Perceived Benefits of FDM Iderr)ltifyingg overall trent(}ils 11 333
Monitoring all flights 2 6.1
Total 33 100.0
Yes 13 39.4
. . . No 12 36.4
Proactive Identification of Safety Issues Maybe 3 249
Total 33 100.0
Very effective 13 39.4
. . .. . Effective 12 36.4
Effectiveness in Performance and Decision-Making Somewhat cffective 3 249
Total 33 100.0

Table 2 presents descriptive findings concerning the participants’ previous FDM training, interaction with
FDM data, and perceptions of its contribution to flight safety and pilot performance. Of the 33 participants,
39.4% reported having received training on the functioning of FDM and its importance for aviation safety,
whereas 60.6% had received no such training. Interaction with FDM data during daily operations was generally
limited: 57.6% of the participants reported interacting with FDM data rarely, 33.3% did so upon request by
the Safety Department, and 9.1% reported frequent interaction. Regarding the perceived benefits of FDM for
flight safety, identifying the overall safety level was the most frequently reported benefit (42.4%), followed
by identifying overall trends (33.3%). Responses were more heterogeneous when participants were asked
whether FDM could identify potential safety issues before they developed into accidents or incidents. While
39.4% agreed with this statement, 36.4% disagreed and 24.2% selected the uncertain response.
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Table 3. Descriptive Findings on FDM-Related Safety and Organizational Perceptions

Variable Response n %
Yes 31 93.9
Observed Safety or Operational Improvements II:I/[(;ybe i gg
Total 33 100.0
Very effective 11 333
. . . Effective 17 51.5
Effectiveness in Identifying Safety Hazards Somewhat offective P 152
Total 33 100.0
Yes 19 57.6
Lo No 3 9.1
Organizational Support for FDM Maybe 1 333
Total 33 100.0
Yes 9 27.3
Perceived Barriers to FDM Implementation II:I/[(;ybe ig ?13431
Total 33 100.0
Improved safety awareness 4 12.1
Reduced safety risks 12 36.4
Impact on Organizational Safety Culture Increased reporting of safety concerns 8 242
Encouraged a proactive safety approach 9 27.3
Total 33 100.0

As presented in Table 3 participants reported predominantly favorable perceptions of the safety-related
functions of FDM. A substantial majority of the pilots (93.9%) indicated that they had observed an instance in
which FDM data analysis contributed to a safety or operational improvement. Only 3.0% reported that they
had not observed such an improvement, while a further 3.0% selected the uncertain response. Participants also
evaluated FDM positively in terms of identifying and addressing safety hazards. More than half (51.5%)
considered FDM effective for this purpose, 33.3% rated it as very effective, and 15.2% described it as
somewhat effective.

Evaluations of organizational support for FDM were more varied. While 57.6% of the participants
considered the organizational support provided for FDM to be adequate, 33.3% were uncertain and 9.1%
considered it inadequate. Responses concerning potential barriers to effective FDM implementation also
showed a less concentrated distribution. Specifically, 27.3% of the participants reported the presence of such
barriers, 30.3% reported no barriers, and 42.4% were uncertain.

Table 4. Descriptive Findings on FDM System Characteristics, Usability, and Data Confidentiality

Variable Response n %
Identification of individual pilot errors 9 27.3
Identification of systematic pilot errors 3 9.1
Identification of operational errors 6 18.2

Strengths of FDM Systems Identification of overall trends 14 42.4
Identification of individual aircraft-related issues 1 3.0
Total 33 100.0
Data security concerns 1 3.0
Risk of data misuse 16 48.5

Weaknesses of FDM Systems Inadequate analysis of collected data 13 39.4
Limited organizational feedback 3 9.1
Total 33 100.0
User-friendly 5 15.2
Moderately user-friendly 18 54.5

User-Friendliness of FDM Systems Slightly user-friendly 2 6.1
Not user-friendly 8 242
Total 33 100.0
Yes 2 6.1

. - No 16 48.5

Privacy and Confidentiality Concerns Maybe 15 455
Total 33 100.0
Accesds restricted to the Safety Department and use in accordance with safety 19 576
procedures

IS)&:;zre Management and Access to FDM Cloud-based security to prevent unauthorized third-party access 6 18.2
No direct access for the Flight Operations Department 5 15.2
Pilot consent required for the use of FDM data in investigations 3 9.1
Total 33 100.0

Table 4 summarizes participants’ evaluations of the strengths and weaknesses of FDM systems, their user-
friendliness, and issues related to data privacy and management. The identification of overall trends was the
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most frequently reported strength of FDM systems (42.4%), followed by the identification of individual pilot
errors (27.3%) and operational errors (18.2%). Systematic pilot errors and individual aircraft-related issues
were identified less frequently, accounting for 9.1% and 3.0% of responses, respectively. The risk of data
misuse emerged as the most frequently reported weakness of FDM systems (48.5%), while 39.4% of the
participants identified inadequate analysis of collected data as a principal limitation. Regarding usability, more
than half of the participants (54.5%) described the FDM systems as moderately user-friendly. In comparison,
24.2% considered them not user-friendly, while smaller proportions reported more favorable assessments.

Table 5. Descriptive Findings on FDM Policies, Decision-Making, Pilot Performance, and Training

Variable Response n %
Yes 24 72.7
Privacy and Confidentiality Policies II:I/[(;ybe il; 3402
Total 33 100.0
Significantly influences 4 12.1
. .. . Influences 24 72.7
Influence on Operational Decision-Making Does not influence p 152
Total 33 100.0
Yes 18 54.5
Adjustments to Flying Techniques or Procedures No 15 45.5
Total 33 100.0
Weakly correlated 3 9.1
Relationship with Pilot Performance Improvement Z{::I:?;eclz;zg fézted §2 22;
Total 33 100.0
Providing regular updates to flight crews 11 333
Tailoring training to individual pilots 10 30.3
A .. Updating training syllabi based on FDM events 9 27.3
Use of FDM Data in Pilot Training Incorporating FDM events into check flights and simulator sessions 1 3.0
Revising procedures according to operational requirements 2 6.1
Total 33 100.0

Table 5 presents the findings concerning FDM-related policies, operational decision-making, pilot
performance, and training. Most participants (72.7%) reported that policies or procedures addressing the
privacy and confidentiality of FDM data were in place within their organization. A further 24.2% were
uncertain about the existence of such arrangements, while 3.0% reported that no relevant policies or procedures
were available.

FDM was also perceived to influence operational decision-making. While 72.7% of the participants
reported that FDM influenced their decision-making processes, 12.1% indicated a significant influence. In
contrast, 15.2% reported no influence. In addition, 54.5% of the participants stated that they had made
adjustments to their flying techniques or procedures based on insights obtained from FDM data analysis,
whereas 45.5% reported no such adjustments.The perceived relationship between FDM data analysis and pilot
performance improvement was predominantly moderate to strong. A moderate relationship was reported by
66.7% of the participants and a strong relationship by 24.2%, while 9.1% perceived the relationship as weak.
No participant selected the “not correlated” response.

Group-Based Comparisons of FDM Perceptions

Variations in pilots’ perceptions of Flight Data Monitoring (FDM) were examined across selected
demographic and professional characteristics. Given the measurement properties of the questionnaire items,
group comparisons were conducted using statistical procedures appropriate to the level of measurement of
each variable. For ordinal FDM-related variables, differences between commanders and co-pilots were
assessed using the Mann—Whitney U test.

The Mann—Whitney U analyses revealed no statistically significant differences between commanders and
co-pilots across the ordinal FDM-related variables examined (all p > .05). Although some variation was
observed in the mean ranks, none of these differences reached statistical significance. Thus, the findings did
not indicate a systematic rank-based differentiation in pilots’ evaluations of the examined FDM-related
aspects. In contrast, a statistically significant association was identified between current rank and previous
FDM training, ¥*(1, N =33) =9.41, p=.002. Among commanders, 64.7% (11 of 17) reported having received
training on the operation of FDM and its importance for aviation safety, compared with 12.5% (2 of 16) of co-
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pilots. Fisher’s exact test also indicated a statistically significant association (two-sided p = .004). The
distribution therefore suggests that previous FDM training was more frequently reported by commanders than
by co-pilots in the study sample.

Table 6. Kruskal-Wallis H Test Results for FDM Perceptions by Flight Experience

FDM-related perception H df P

Effectiveness in improving pilot performance and decision-making 1.636 2 441
Effectiveness in identifying and addressing safety hazards 0.829 2 .661
User-friendliness of FDM systems 3.730 2 155
Influence on operational decision-making 2.699 2 259
Perceived relationship with pilot performance improvement 1.853 2 .396

Flight-experience groups were defined as 1-5 years, 6—10 years, and 10 years or more. Statistical
significance was evaluated at p < .05.

The Kruskal-Wallis H test was used to examine whether selected FDM-related perceptions differed across
flight-experience groups. As presented in Table 6, no statistically significant differences were identified for
any of the examined variables (all p > .05). The largest variation across experience groups was observed for
the perceived user-friendliness of FDM systems (H(2) = 3.73, p =.155); however, this difference did not reach
statistical significance. Overall, the findings provide no evidence that the selected FDM perceptions varied
systematically according to flight experience within the study sample.

Table 7. Kruskal-Wallis H Test Results for FDM Perceptions by Age

FDM-related perception H df P

Effectiveness in improving pilot performance and decision-making 1.318 3 725
Effectiveness in identifying and addressing safety hazards 0.533 3 912
User-friendliness of FDM systems 0.248 3 969
Influence on operational decision-making 4.792 3 188
Perceived relationship between FDM data analysis and pilot performance improvement 0.780 3 854

Discussion, Conclusion and Recommendations

The findings of this study provide a multidimensional view of how pilots perceive Flight Data Monitoring
(FDM) within an operational airline environment. Rather than portraying FDM solely as a technical system
for recording and analysing flight parameters, the results indicate that pilots associate the system with safety
improvement, operational decision-making, performance monitoring, organizational practices, and training.
This broader perception is consistent with the contemporary understanding of FDM as a proactive component
of an airline's Safety Management System (SMS), through which routine operational data can be transformed
into information for identifying emerging hazards, monitoring operational trends, and informing preventive
interventions. In this respect, FDM represents a transition from learning primarily from adverse events toward
identifying precursors and deviations within normal operations (Walker, 2017; Lager & Melin, 2022).

One of the clearest findings concerns pilots' perceptions of the safety contribution of FDM. Almost all
participants (93.9%) reported having observed a specific instance in which FDM data analysis contributed to
a safety or operational improvement. In addition, 84.8% rated FDM as either effective or very effective in
identifying and addressing safety hazards. These findings suggest that the perceived value of FDM among the
participating pilots was grounded in observable operational outcomes rather than being limited to an abstract
acceptance of the system. This interpretation is consistent with the proactive safety function attributed to FDM
in previous research. Walker (2017) conceptualized FDM as a shift toward the use of leading safety indicators
derived from routine operations, while Lager and Melin (2022) emphasized the complementary value of FDM
and incident-reporting systems for identifying operational risks before they develop into more serious safety
outcomes. Studies based directly on operational flight data have similarly demonstrated that FDM can identify

151



ISSN: 3149-8647 1(2): 139-156 (2026)

changes in the frequency and severity of operational occurrences and thereby provide evidence for targeted
risk mitigation (Efthymiou et al., 2023).

The perceived contribution of FDM extended beyond hazard identification to pilot performance and
operational decision-making. In the present study, 75.8% of participants considered FDM effective or very
effective in improving pilot performance and decision-making, while 84.8% reported that FDM influenced or
significantly influenced operational decision-making. Moreover, 54.5% indicated that they had adjusted their
flying techniques or procedures on the basis of insights obtained from FDM data. These findings are
particularly relevant because they point to a potential feedback mechanism through which recorded operational
data are translated into behavioral or procedural adaptation. FDM is therefore perceived by many of the
participating pilots as having practical implications for subsequent flight operations rather than functioning
exclusively as a retrospective monitoring mechanism.

Empirical evidence based on operational FDM data supports the relevance of this connection between
monitoring, performance, and training. Research examining the disruption of flight operations during the
COVID-19 period demonstrated that FDM data could identify changes associated with manual flying
proficiency, procedural practice, and automation-related performance, with the authors emphasizing targeted
training as a response to identified risks (Efthymiou et al., 2023a, 2023b). More recently, Balkan et al. (2026)
used 15 months of operational FDM data to compare pilots from different training pathways and identified
statistically significant differences in several safety-critical flight parameters, including hard landing and long
touchdown events. Although these studies analyse actual FDM records rather than pilots' perceptions and
therefore cannot be treated as direct validation of the present survey responses, they demonstrate that FDM-
derived information can distinguish operational performance patterns that are relevant to training and
proficiency.

The organizational dimension of the findings requires a more differentiated interpretation. Although 57.6%
of participants considered organizational support for FDM adequate, one-third (33.3%) remained uncertain.
Similarly, 42.4% were uncertain about whether barriers to effective FDM implementation existed. These
distributions suggest that favorable perceptions of the safety utility of FDM do not necessarily imply equally
clear perceptions of the organizational processes surrounding its implementation. This distinction is important
because the effectiveness of an FDM programme depends on how data are integrated into organizational safety
processes, how findings are communicated, and whether personnel regard the system as a mechanism for
learning rather than surveillance or punishment. Lager and Melin (2022), for example, identified organizational
and procedural considerations affecting the effective joint use of FDM and incident-reporting systems. More
recent evidence from pilots also indicates that reporting behaviour and engagement with safety systems are
strongly conditioned by organizational culture. Spragg and Efthymiou (2026) found that Just Culture
perception was strongly associated with pilots' willingness to report safety events, whereas demographic
characteristics showed no significant association with reporting attitudes.

This organizational interpretation is also consistent with established FDM governance principles. Guidance
from the UK Civil Aviation Authority defines FDM as the systematic and proactive use of routine flight data
within an intrinsically non-punitive and just safety culture, while current European guidance emphasizes
management commitment, non-punitive policies, specialized FDM personnel, confidentiality safeguards, and
effective internal communication as characteristics of a mature FDM programme (UK CAA, 2013; EASA,
2026). These principles are relevant to the present findings because uncertainty regarding organizational
support or implementation barriers may reflect aspects of FDM governance and communication that are less
visible to line pilots, even when the operational safety value of the programme itself is recognized. The present
data do not permit identification of the causes of this uncertainty; therefore, such an explanation should be
regarded as an interpretive possibility rather than a demonstrated organizational deficiency.

Data privacy and confidentiality constitute another important aspect of FDM acceptance. Nearly half of the
participants (48.5%) reported no privacy or confidentiality concerns; however, 45.5% selected an uncertain
response. At the same time, 72.7% stated that organizational policies or procedures addressing the privacy and
confidentiality of FDM data were in place. When asked how FDM data should be securely managed, 57.6%
favored restricting access to the Safety Department and using the data in accordance with established safety
procedures. Taken together, these findings indicate that the formal existence of privacy-related policies does
not necessarily eliminate uncertainty among pilots regarding the governance and use of FDM data.
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This distinction has substantial implications for the functioning of FDM programmes. European FDM
guidance requires clear procedures concerning data access, security, retention, crew feedback, confidentiality,
and the circumstances under which remedial training may be initiated; importantly, such training is expected
to be constructive and non-punitive (EASA, 2026). The importance of these safeguards is also supported by
empirical studies of pilot reporting behaviour. Kioulepoglou et al. (2025) found that fear of blame,
stigmatization, and concerns regarding career progression were prominent barriers to incident reporting among
pilots, while participants emphasized the importance of trustworthy reporting systems and Just Culture. Spragg
and Efthymiou (2026) likewise showed that pilots' perception of Just Culture was more closely associated with
reporting willingness than demographic characteristics. Although voluntary reporting and FDM are distinct
safety mechanisms, they share an important organizational requirement: pilots must have confidence in how
safety information is collected, protected, interpreted, and subsequently used. The training-related findings
reveal an important contrast. Although participants generally evaluated FDM favorably, 60.6% reported that
they had not received specific training concerning how FDM operates and its importance for aviation safety.
Moreover, previous FDM training was significantly associated with current rank: 64.7% of commanders
reported having received such training, compared with 12.5% of co-pilots, ¥*(1, N = 33) = 9.41, p = .002;
Fisher's exact p = .004. This was the clearest group-based association identified in the study. The finding
should not be interpreted as evidence that rank itself causes differences in access to FDM training, as rank is
likely to covary with seniority, organizational responsibilities, previous training opportunities, and other
unmeasured professional factors. Nevertheless, the magnitude of the observed difference indicates a potential
imbalance in pilots' exposure to formal FDM education within the study setting.

This result deserves particular attention because effective use of FDM depends on more than the technical
collection of flight data. Pilots need to understand the purpose of monitoring, how events and trends are
interpreted, how data are protected, and how FDM findings feed back into safety and training processes.
Regulatory guidance accordingly identifies staff training, communication, data protection, and constructive
feedback as integral elements of FDM implementation (UK CAA, 2013; EASA, 2026). The training
implication is also consistent with empirical evidence demonstrating the potential of FDM data to inform
targeted interventions. Efthymiou et al. (2023a) argued for tailored training in response to operational risks
identified through FDM, while Balkan et al. (2026) demonstrated that FDM metrics can reveal performance
differences associated with different pilot training pathways. The present study extends this discussion from
operational FDM outcomes to pilots' exposure to FDM education itself and suggests that access to such training
may warrant greater organizational attention, particularly among co-pilots.

Finally, the absence of statistically significant differences in the selected ordinal FDM perceptions across
age, flight experience, and rank provides an additional perspective on the findings. The results do not establish
equivalence between demographic or professional groups, particularly given the limited sample size; rather,
they indicate that this study did not detect systematic group-based differences in the evaluated FDM
perceptions. This pattern is broadly consistent with recent evidence suggesting that attitudes toward aviation
safety systems may be influenced more strongly by organizational and cultural conditions than by individual
demographic characteristics. Spragg and Efthymiou (2026), in a study of 117 commercial airline pilots,
similarly found no significant role for demographic characteristics in reporting attitudes and emphasized the
stronger relevance of Just Culture perception. Taken together, the findings suggest that the central issue may
be less whether pilots of different ages, experience levels, or ranks perceive the technical and operational value
of FDM differently, and more how the organization converts FDM into a trusted and accessible learning
process. The coexistence of broadly favorable safety and performance evaluations with comparatively limited
formal FDM training, uncertainty regarding organizational support and implementation barriers, and
substantial uncertainty regarding privacy and confidentiality points to an important distinction between the
perceived utility of FDM and the organizational conditions under which that utility is realized. For airlines,
the effectiveness of FDM may therefore depend on combining technically robust data analysis with transparent
governance, equitable training opportunities, protected data use constructive feedback, and a credible non-
punitive safety culture
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