
What can we learn from severity index on flight data monitoring? Analysis 
of safety resilience in flight operations during COVID-19 disruptions

Wen-Chin Lia , Arthur Nichaniana , John Linb and Graham Braithwaitea 

aSafety and Accident Investigation Centre, Cranfield University, Bedfordshire, UK; bGraduate Institute of Science Education, National 
Taiwan Normal University, Taipei, Taiwan 

ABSTRACT 
The unexpected spread of the pandemic raised concerns regarding pilots’ skill decay resulting 
from the significant drops in the frequency of flights by about 70%. This research retrieved 4761 
Flight Data Monitoring (FDM) occurrences based on the FDM programme containing 123,140 
flights operated by an international airline between June 2019 and May 2021. The FDM severity 
index was analysed by event category, aircraft type, and flight phase. The results demonstrate 
an increase in severity score from the pre-pandemic level to the pandemic onset on events that 
occurred on different flight phases. This trend is not present in the third stage, which indicates 
that pilots and the safety management system of the airline demonstrated resilience to cope 
with the flight disruptions during the pandemic. Through the analysis of event severity, FDM 
enables safety managers to recommend measures to increase safety resilience and self-monitor
ing capabilities of both operators and regulators. 

Practitioner summary: The onset of the pandemic led to a rise in the severity of flight data 
monitoring events in a large airline, likely linked to a lack of operational practice and skills 
decay. This was demonstrated across different flight phases and aircraft types. In the settled 
pandemic period, the severity index returned to pre-pandemic levels, indicating that the resili
ence of individual pilots and safety management systems is critical to operational safety.

HIGHLIGHTS

� The FDM event severity scores significantly increased following the pandemic onset, espe
cially for event categories involving pilot core competencies.

� The FDM event severity scores stagnated or decreased during the later pandemic stage indi
cating resilience among the airline pilots and the airline’s safety management system.

� The airline and pilots demonstrated resilience by effectively mitigating the effects of profi
ciency decay which took place as the pandemic started.

� FDM analysis has shown to be effective in establishing a proactive SMS programme to miti
gate the negative impacts of the pandemic on aviation safety.
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1. Introduction

The spread of the COVID-19 pandemic hit the aviation 
industries rapidly and unexpectedly. New operation 
models had to be set up (e.g. repatriation flights) which 
induced novel tasks for many aviation personnel 
(Christidis and Christodoulou 2020). Pilots were sus
pended and crew rosters were changed on a significant 
scale, such as fewer flights and longer duty times, par
ticularly on long-haul flights. Crews at some airlines 
would perform an outbound long-haul flight and fly 
back deadhead (flying as passengers) or vice-versa. 

Some countries required crew members to be COVID- 
19 tested upon arrival and then be placed in quaran
tine at their hotel before flying back. This has had a 
negative impact on the general morale, stress, and 
fatigue levels in addition to lack of practice, raising con
cerns about a possible decrease in the level of aviation 
safety (Jarry, Delahaye, and Feron 2021; Sew et al. 
2022). Pilot proficiency decay can induce safety risks, 
such as operational procedures related to automation, 
in-flight decision-making, and accuracy on task per
formance which could deteriorate with the lack of 
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practice in the flight deck (EASA 2020). Some pan
demic-related effects on pilots’ performance were 
already under investigation, such as increases in 
unstable approaches as possible factors in accidents and 
incidents, and disruptions to airport ground operations 
(Jarry, Delahaye, and Feron 2021; Werfelman 2021). An 
effective way of investigating pilots’ skill fade is the use 
of Flight Data Monitoring (FDM). Flight Data Monitoring, 
or Flight Operation Quality Assurance (FOQA), focuses 
on the process of recording and analysing flight parame
ters from the aircraft’s Quick Access Recorder (QAR) to 
enhance aviation safety. The analysis of FDM data can 
be compared to a quality assurance process forming 
part of an airline’s commitment to improving overall 
safety in flight operations. Since 2008, operators of air
craft with a certificated take-off weight higher than 
27,000 kg must maintain a flight data analysis pro
gramme as per ICAO Annexe 6 (ICAO 2010). The data 
collected through an FDM programme can help airlines 
to identify safety trends as well as monitor emerging 
risks. By analysing the frequency and especially the 
severity of FDM occurrences and their type, emerging 
topics of concern (such as the consequences of a sharp 
reduction in the number of flights) can be addressed 
through operational changes and training. It is impor
tant to note that it is crucial for an airline to reduce the 
FDM event severity rather than the number of FDM 
events. As such, an FDM programme not only forms part 
of the safety management system (SMS) for monitoring 
occurrences, but it also can help to increase resilience 
and identify operational risks through proactive meas
ures (EASA 2016; Hollnagel 2018; Lager and Melin 2022).

2. Literature review

2.1. Lack-of-practice effects in flight operations 
related to pandemic disruptions

According to the International Air Transport Association 
(IATA), the full-year global passenger traffic results for 
2020 indicated a sharp decline of 65.9% compared to 
2019. This raised concerns regarding pilots’ abilities to 
maintain proficiency, Standard Operating Procedures 
(SOPs), and flying skills on significantly reduced flights. 
The unpredictability of the COVID-19 pandemic spread 
put the aviation sector under increased operational risks 
and created new safety threats, such as increased 
fatigue and low morale. In addition, direct skill degrad
ation has become a paramount topic due to grounded 
aircraft and crews, as pilot proficiency is directly corre
lated to recency (Ebbatson et al. 2010). The European 
Aviation Safety Agency (EASA) and IATA published add
itional guidance and policies for airlines on how to 

maintain flight crew proficiency (EASA 2020; IATA 2020). 
Decay can affect manual flying skills, but also the ability 
to use automation, follow operational procedures, and 
recall aircraft-specific knowledge (Childs and Spears 
1986; Mengelkoch, Adams, and Gainer 1971). The conse
quences are multiple including decreased adherence to 
SOPs, and increased slips, lapses, and data entry errors 
(Reason 1990; Rasmussen 1983). Pilots operating mod
ern aircraft require various sets of skills, both in terms of 
technical skills and non-technical skills. Knowledge 
about aircraft systems, procedures, and manual flying 
skills are examples of technical skills that are needed by 
pilots to safely operate their aircraft. In addition, as 
these aircraft are mostly multi-crew aircraft, non-tech
nical skills, such as situation awareness, leadership, and 
teamwork are also required. Situation awareness also 
comprises understanding and interacting with the auto
mation modes to ‘stay ahead’ of the aircraft, both dur
ing multi-pilot and single-pilot flight operations (EASA 
2020; Endsley 1995). In addition, the question can be 
raised if the mitigation measures are sufficient to cope 
with skill decay. Olaganathan and Amihan (2021) pro
posed that there was a significant increase in Air Safety 
Reports (ASRs) during the pandemic period which dem
onstrated pilots’ proficiency had been significantly 
affected. Previous research found that 47% of pilots did 
not engage in self-study to keep their proficiency up 
during grounding due to the pandemic, as reduced fly
ing schedules regarding the COVID-19 grounding peri
ods had been reported to influence performance (Mizzi, 
Lohmann, and Carim Junior 2022).

2.2. Identifying operational risks using an FDM 
programme

FDM is considered an efficient method for aircraft 
operators to monitor their operational safety. A pos
sible reason is that it helps estimate the probabilities 
of specific events occurring within the airline to 
develop an effective safety management system 
(Chaves 2020; Lager and Melin 2022). The FDM events 
are classified into different categories according to 
EASA guidance: runway excursion (RE), mid-air colli
sion (MAC), controlled flight into terrain (CFIT), and 
loss of control inflight (LOC-I). While some categories 
are linked to the flying environment (mid-air collision 
risks), others are more directly linked to the crew’s fly
ing abilities non-technical skills (e.g. runway excursion, 
which can have a broader range of causal factors, 
EASA 2016; Fang, Zhang, and Zhao 2020). FDM cap
tures only a deviation, therefore, the reasons behind 
the pilots’ inputs cannot be analysed per se (Cahill 
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et al. 2016). However, each event can be classified 
within a risk matrix or attributed a severity score and 
be related to specific risks. As the recorded data of 
FDM focuses on flight parameters and not directly on 
human performance, it is usual to compare FDM 
events to Air Safety Reports (ASRs) reported by pilots 
to provide a deeper observation of a situation beyond 
the raw data (Walker 2017). In today’s operations, FDM 
has become mandatory for every major airline’s safety 
and reporting culture. It results in a regular feedback 
process within an airline between the flight safety 
department, pilot unions, airline management, and the 
training department. It may be useful not only to con
sider risks per flight but to perform an aggregated risk 
index for a specific type of event that would span 
over many flights (Fang, Zhang, and Zhao 2020; 
Verstraeten et al. 2016). Identifying risk from an organ
isational perspective can be challenging: assessing and 
comparing the severity of different mishaps can prove 
difficult. Moreover, safety practitioners need to identify 
if a specific event is singular or part of an ongoing 
trend, which needs to be addressed (Macrae 2009). 
This would also enable a broader learning opportunity 
from these events (Stogsdill 2022; Madsen, Dillon, and 
Tinsley 2016). As the crews are monitored on each 
flight by the QARs, and as air safety reports can help 
to understand some FDM occurrences better, it is 
therefore paramount that a climate of trust exists 
between pilots and the airline’s safety department and 
that FDM is processed according to just culture (Grell 
et al. 2021; Walker 2017). This emphasises the role of 
the Gatekeeper (responsible for a secure and confiden
tial follow-up with the crews concerned on an event), 
the need to ensure clear communication, and the eco
logically valid handling of FDM (Lager and Melin 
2022). Pilot’s trust in both FDM programme and airline 
safety management system is paramount in ensuring 
its effectiveness (Leva et al. 2010; Wolf 2012). Insights 
of FDM data are typically integrated with those from 
air safety reports to shape a clearer picture of safety 
issues to improve the practice via changes to operat
ing procedures, manuals, and crew training (Kluge and 
Frank 2014; Walker 2017). Airline safety departments 
can take the required actions to minimise risks when a 
particular event was highlighted by the FDM pro
gramme. The appropriate statistical analyses can be 
employed to assess whether an event was isolated or 
belongs to part of a curve using cross-checks techni
ques to compare the qualitative information from 
ASRs. Appropriate action can then be taken either via 
training or revising SOPs to increase safety resilience 
via the safety management system.

2.3. FDM’s contribution to improving flight safety

The aviation sector has multiple measures in place to 
ensure its safety resilience. An important part of build
ing resilience is done through training and manage
ment. It is an ongoing process where both professional 
skills in terms of knowledge and practice are being 
acquired in addition to non-technical skills (such as 
leadership, communication, decision-making, and stress 
management) are gained (Chialastri and Pozzi 2008; Li, 
Nichanian, et al. 2023). Individual resilience can be 
developed through training and operational experience, 
but it also depends on an organisation’s capacity to 
deal with changes and disturbances. The organisational 
resilience is a broader construct and consists of main
taining resilience within the operations as well as adapt
ability towards change (Suddaby 2010). This requires 
the ability to adjust an organisational functioning 
before, during, and following changes and disturbances 
so that the organisation can overcome both expected 
and unexpected events (Woods 2017). FDM is a useful 
tool to help airlines and regulators analyse operational 
risks. The type of exceedance events can provide infor
mation about the crew’s skills, knowledge, and compe
tencies (Li, Zhang, et al. 2023). An FDM event that 
occurred while the aircraft is being flown manually can 
provide information regarding manual flying skills 
whereas an event related to flight path management 
can provide information related to the crew’s automa
tion use and aircraft energy management (Bromfield 
and Landry 2019; Sumwalt, Cross, and Lessard 2015). 
Most FDM-based research focuses on the descent, 
approach, and landing phases since they are the most 
dynamic flight phases where deviations are likely to 
occur (Robinson et al. 2021; Smart, Brown, and Denman 
2012). Moreover, the aforementioned flight phases 
impose a higher cognitive complexity on the crews, 
compared to other flight phases. Therefore, it requires 
considerable handling skills. Deviations from the ILS gli
deslope, stable approach criteria, dual pilot inputs, and 
touchdown points are examples of values that can be 
used to analyse manual flying skills (Casner et al. 2014; 
Haslbeck et al. 2014). These parameters are directly 
managed by the pilots and involve using technical skills 
as well as non-technical skills. Deviations from accept
able performance for these values would typically fall 
into the LOC-I and RE categories as per the EASA classifi
cation (EASA 2016). Therefore, analysing the severity of 
FDM RE precursors can help determine a possible loss 
of skills among pilots. Despite the mentioned facts, 
FDM still makes contributions to improving resilience 
in terms of adding capabilities of self-monitoring for 
operators and regulators in cases where the data is 
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shared. Moreover, the recorded data can also be trans
ferred to the safety management team and pilots pro
viding additional insights (Maille 2015; Walker 2017). In 
this regard, the measures help to construct a system 
with high resilience in terms of operational safety.

3. Methods

3.1. FDM dataset

The FDM exceedance data was collected from June 2019 
to May 2021 for 24 months process which has been div
ided into three stages. The first stage starts eight months 
before the pandemic (6/2019–1/2020) and contains 
82,819 flights (referred as stage 1—before pandemic); the 
second stage lasts eight months pandemic starting on 2/ 
2020 to 9/2020 and comprises 26,128 flights (referred as 
stage 2—initial pandemic); the third stage lasts eight 
months after the pandemic already spread-out (10/2020– 
5/2021) and contains 14,193 flights (referred as stage 3— 
settled pandemic). FDM data is saved as comma-sepa
rated values (i.e. a CSV format) file comprising the events 
and comprising the total number of flights. The data 
includes a classification according to EASA standards into 
five main categories, that are Runway Excursion (RE), Mid- 
Air Collision (MAC), Controlled Flight into Terrain (CFIT), 
Loss of Control In-flight (LOC-I), and Go-Around (GA). The 
Research Ethics Committee granted in advance of the 
research taking place.

3.2. Procedure

The data analysis consists of three steps. In step 1, 
FDM data was collected by an airline with a time 
frame of 24 months. A confidentiality agreement has 
been signed accordingly. Also, the data analysed in 
this study is available to the authors and stored based 
on the United Kingdom Ethical Code and the Data 
Protection Act. In step 2, the data was pre-processed 
by SAS and re-constructed to meet the requirement of 
statistical analyses. Descriptive statistics were calcu
lated. In step 3, statistical analyses were conducted to 
examine the effects of design factors in response to 
the research questions in this study. All procedures 
were developed by the authors.

3.3. Data analysis choice and statistics

3.3.1. Severity index on FDM events
The software applied to retrieve the FDM exceedance 
events is called Special Event Search and Master 
Analysis (SESMA) in which is aircraft types are variables 
that allows comparisons among various fleets. Raw 
data retrieved from the Quick Access Recorder (QAR) 

was first processed by the FDM experts using SESMA. 
When a value is higher than the specific threshold, an 
FDM event is created accordingly. The detected 
exceedance values of the relevant parameters are 
saved in a database and are used to calculate a sever
ity index (SI) with a specific algorithm for each event. 
The severity index (SI) measures the impact of an 
event (e.g. a high approach speed) that is dangerous 
for a flight. High SI suggested a specific event that is 
more likely to impact flight safety. Each SI score is cal
culated based on two methods: either a specific score 
is attributed to a defined event (which leads to each 
same type of event having the same SI score) or a 
score based on the magnitude of the deviation. A 
higher magnitude of deviation would lead to a higher 
SI score. The steepness of the SI increase based on 
the magnitude of the deviation is adapted for each 
type of event. Different events present different types 
of risks (as a high approach speed presents different 
risks compared to a mid-air collision). However, the 
magnitude of the risk (major, hazardous, or cata
strophic) remains the same for all types of events, 
hence this procedure harmonises the level of risk 
among the different events. The methodology for this 
SI analysis is based on EASA guidance which indicates 
that severity is proportional to the extent of a devi
ation from acceptable parameters. There are 89 spe
cific algorithms to calculate SI for FDM precursors 
(EASA 2019). Analysis of those severity index scores 
enables a continuous comparison of flight profile, 
engine, and systems operation with a set of defined 
parameters for diagnostics, research, and incident 
investigation. SI analyses were conducted for each 
event and each aircraft type using an optimal analysis 
technique. The range of severity index from 0 which 
represents no risk in normal aircraft operation to 
above 100, which implies an impending risk for which 
immediate action is required to preserve the safety of 
flight operations. For instance, an onset of a hard 
EGPWS warning (terrain avoidance system requiring 
an immediate maximum climb effort) is graded as 
100. In some cases, the severity index may be >100 
(e.g. the SI is 100 on the High Normal Acceleration at 
Landing at 2.2-g). In this scenario, the higher acceler
ation at landing the higher severity, SI will be 120 for 
2.3-g accelerations at landing. It should be noted, that 
overall, reducing the severity levels is more crucial 
than the number of events (Holtom 2007).

3.3.2. Statistical analyses
The raw data from the QARs was first processed by 
the airline’s FDM department using the internal 
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SESMA software and downloaded in the form of CSV 
files. The SESMA software collects the data from the 
aircraft’s QARs and processes them. A two-way ana
lysis of variance (ANOVA) was conducted to assess the 
interaction effect between the three pandemic stages, 
FDM events, and the main effects on the severity 
index for testing three hypotheses. Statistical analyses 
in this study were performed using General linear 
Modelling (GLM) of SPSS 23 (IBM Inc.). Before conduct
ing the analysis, the assumptions of homogeneity 
were examined by Levene’s statistics (Yitnosumarto 
and O’Neill 1986). If the assumption of homogeneity is 
violated (i.e. heterogeneity), post-hoc would be con
ducted through Games-Howell tests which do not 
assume equal variances and sample sizes (Ramsey 
et al. 2009) to prevent potential Type I error 
(Gastwirth, Gel, and Miao 2009). The Bonferroni tests 
were adopted otherwise. The effect size, an indicator 
measuring the strength of main effects and interac
tions, was measured in terms of partial eta square 
(Haase 1983). The significant level is set at a ¼ .05.

3.4. Hypotheses

Lack of practicing both standard operational proce
dures and manual flying skills in the flight deck may 
increase the operational risk related to proficiency 
after the impacts of the pandemic. Therefore, there 
are three hypotheses to be tested as follows:

H1: There is a significant interaction in severity index 
between the three stages of the pandemic and five 
categories of FDM events.  

H2: There is a significant interaction in severity index 
between the three stages of the pandemic and seven 
flight phases of FDM events.  

H3: There is a significant interaction in severity index 
between the three stages of the pandemic and five 
fleets of FDM events. 

4. Results 

4.1. Sample characteristics 

The frequency of flights in each stage was tabulated with 
a two-way table in which the fleets and the stage were 
the categorical variables. It is observed that the number 
of flights dropped by �70% when the pandemic began 
and continued to drop by �50% after the 8-month pan
demic started. The SI scores and FDM occurrences 
increased with higher monthly variations at the begin
ning of COVID-19 while both total flight numbers 

significantly decreased compared to before the pan
demic (Figures 1(a,b)). Furthermore, the SI and frequency 
of FDM exceedances among five categories are shown in 
Table 1 and Figure 2; seven flight phases are shown 
in Table 2 and Figure 3); and five fleets are shown in 
Table 3 and Figure 4, respectively. 

4.2. Testing severity index between three 
pandemic stages and five FDM categories 

The means and standard deviations of the SI and fre
quency of FDM exceedances in the five categories are 
shown in Table 1 and Figure 2. Results indicated a signifi
cant interaction between three pandemic stages and five 
FDM categories, F(8, 4746) ¼ 4.491, p < .001, partial 
g2 ¼ .008. There was a significant main effect on pan
demic stages, F(2, 4746) ¼ 8.037, p < .001, partial 
g2 ¼ .003. Post-hoc comparisons revealed that the aver
age SI in the before-pandemic stage (M ¼ 33.22, 
SE ¼ .482) is significantly lower than initial-pandemic 
stage (M ¼ 39.97, SE ¼ .891), p < .001, and settled- 
pandemic stage (M ¼ 38.57, SE ¼ 1.342). Furthermore, a 
significant main effect was found on the FDM events, F(4, 
4746) ¼ 189.167, p < .001, partial g2 ¼ .138. 

4.3. Testing severity index between three 
pandemic stages and seven flight phases 

The means and standard deviation of the severity 
index and frequency of FDM exceedances on seven 
flight phases are shown in Table 2 and Figure 3. 
Results indicate the interactions between the pan
demic stages and the flight phases were not signifi
cant, F(12, 4740) ¼ .877, p ¼ .57, partial g2 ¼ .002. 
The main effect of pandemic stages was significant, 
F(2, 4740) ¼ 2.984, p ¼ .05, partial g2 ¼ .001. Also, sig
nificant main effects were found on flight phases, F(6, 
4740) ¼ 118.242, p < .001, partial g2 ¼ .130. Post-hoc 
comparisons revealed that average SI of Landing 
(M ¼ 52.25, SE ¼ .898) was significantly higher than 
that of Take-off (M ¼ 37.04, SE ¼ .903), Climb 
(M ¼ 23.54, SE ¼ 1.783), Cruise (M ¼ 31.44, SE ¼ 1.706), 
Descent (M ¼ 31.55, SE ¼ 1.045), Approach (M ¼ 37.29, 
SE ¼ .949), Go-around (M ¼ 19.05, SE ¼ .516), ps < .001. 
Also, the average SI of Take-off, Cruise, Descent, 
Approach, and Landing were significantly higher than 
that of Go-around, ps < .001. 

4.4. Testing severity index between three 
pandemic stages and five fleets 

The means and standard deviations of the SI and fre
quency of FDM exceedances on five fleets are shown 
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in Table 3 and Figure 4. Results indicated the interac
tions between the pandemic stages and the five air
craft fleets were not significant, F(8, 4746) ¼ 1.496, 

p ¼ .153, partial g2 ¼ .003. Significant main effects 
were found for the three pandemic stages F(2, 
4746) ¼ 14.136, p < .001, partial g2 ¼ .006. Post-hoc 

Figure 1. (a) The fluctuations of the number of flights and SI values among the three stages. The scale on the left-hand (10 per 
scale) side displays the average monthly SI score (blue line). The scale on the right-hand side (2000 per scale) shows the number 
of flights (red line). (b) The fluctuations of the number of FDM events and SI values among the three stages. The scale on the 
left-hand (10 per scale) side displays the average monthly SI score (blue line). The scale on the right-hand side (100 per scale) 
shows the average monthly number of FDM events (orange line).
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comparisons revealed that both average SI in the 
initial-pandemic stage (M ¼ 39.97, SE ¼ .891) and set
tled-pandemic stage (M ¼ 38.57, SE ¼ 1.342) were sig
nificantly higher than that in the before-pandemic 
stage (M ¼ 33.22, SE ¼ .482), p < .001. Also, a signifi
cant main effect was found on fleets; F(4, 
4746) ¼ 9.523, p < .001, partial g2 ¼ .008. Post-hoc 
comparisons revealed that the average SI for the B773 
(M ¼ 45.26, SE ¼ 2.436) was higher than the A319 
(M ¼ 36.51, SE ¼ .986), A320 (M ¼ 33.65, SE ¼ .568), 

A321 (M ¼ 35.91, SE ¼ .941), B777 (M ¼ 37.31, 
SE ¼ 1.183), with p ¼ .009, p < .001, p ¼ .004, 
p ¼ .029, respectively. Post-hoc comparisons revealed 
that the average SI for the B773 was higher than for 
the A320, p ¼ .043. 

While the number of flights decreased by about 
70% as the pandemic started results showed signifi
cant interactions between the three pandemic stages 
and the FDM categories [F(8, 4746) ¼ 4.491, p < .001, 
partial g2 ¼ .008], with the SI being significantly lower 

Table 1. Severity index (M and SD) and frequency of FDM events among five categories across three pandemic stages.
Before-pandemic  
(6/2019–1/2020)

Initial-pandemic  
(2/2020–9/2020)

Settled-pandemic  
(10/2020–5/2021)

Total retrieved data  
(6/2019–5/2021)

Event category FDM events
Severity index 

(M and SD) FDM events
Severity index 

(M and SD) FDM events
Severity index 

(M and SD) Total events
Severity index 

(M and SD)

CFIT 197 38.63 (24.85) 81 45.26 (32.47) 29 37.66 (20.82) 307 40.29 (26.83)
LOCI 576 35.90 (27.44) 261 50.42 (34.35) 58 46.00 (35.20) 895 40.79 (30.84)
MAC 128 22.54 (2.51) 28 22.68 (2.54) 17 23.24 (2.46) 173 22.63 (2.50)
RE 1360 41.54 (27.95) 667 47.23 (33.28) 300 47.43 (31.64) 2327 43.93 (30.17)
GA 654 14.03 (0.61) 291 14.12 (2.11) 114 13.97 (1.67) 1059 14.05 (1.32)
Total 2915 33.22 (26.04) 1328 39.97 (32.45) 518 38.57 (30.51) 4761 35.69 (28.64)

Figure 2. Trends of severity index on FDM exceedances among five event categories across three stages of the pandemic.

Table 2. Severity index (M and SD) and frequency of FDM exceedances among seven flight phases across three pandemic 
stages.

Before-pandemic  
(6/2019–1/2020)

Initial-pandemic  
(2/2020–9/2020)

Settled-pandemic  
(10/2020–5/2021)

Total retrieved data  
(6/2019–5/2021)

Flight phase FDM events
Severity index 

(M and SD) FDM events
Severity index 

(M and SD) FDM events
Severity index 

(M and SD) Total events
Severity index 

(M and SD)

Take-off 593 34.09 (24.53) 285 42.72 (34.17) 115 38.20 (29.75) 993 37.04 (28.45)
Climb 21 22.00 (8.40) 6 25.17 (9.20) 1 46.00 (NA) 28 23.54 (9.43)
Cruise 99 30.85 (20.89) 31 33.39 (19.92) 19 31.32 (22.75) 149 31.44 (20.82)
Descent 210 32.24 (18.05) 49 28.67 (14.19) 17 31.29 (17.05) 276 31.55 (17.37)
Approach 556 35.13 (27.13) 256 42.10 (29.43) 55 36.67 (26.80) 867 37.29 (27.95)
Landing 691 49.34 (29.16) 337 57.35 (34.15) 180 53.88 (31.85) 1208 52.25 (31.21)
Go-around 745 17.07 (13.35) 364 22.54 (23.94) 131 20.58 (21.54) 1240 19.05 (18.16)
Total 2915 33.22 (26.04) 1328 39.97 (32.45) 518 38.57 (30.51) 4761 35.69 (28.64)
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during the pre-pandemic stages compared to after
wards and LOC-I and RE being in average the more 
severe events. Moreover, the results show that the 
interactions between the pandemic stages and flight 
phases were not significant [F(12, 4740) ¼ .877, 
p ¼ .57, partial g2 ¼ .002]. However, the SI was signifi
cantly higher during landing compared to the other 
flight phases. Finally, the results showed no significant 
interactions between the pandemic stages and aircraft 
fleets [F(8, 4746) ¼ 1.496, p ¼ .153, partial g2 ¼ .003]. 
However, the average SI was higher for long-haul air
craft than for short-haul aircraft. 

5. Discussion 

The significant reduction in flight numbers may 
account for the increase in severity index on the FDM 
exceedances related to skill fade, as pilots did not 
have the opportunity to fly regularly in the initial pan
demic stages for eight months. The pilot’s proficiency 
is contingent on real-world operations and simulation 

training. Lack-of-practice effects may hinder pilots’ 
handling skills and decrease pilots’ proficiency in both 
operational procedures and psychomotor skills in the 
flight deck (EASA 2020). The initial-pandemic stage 
featured a sudden drop of 70% in flight numbers 
(Figure 1(a)) and disrupted the airline’s operational 
procedures as well as pilots’ operational behaviours 
due to health and safety regulations required using 
masks and gloves (EASA 2020). 

5.1. Lack-of-practice increased severity index on 
FDM events occurring close to the ground 

The pattern of increasing severity index from stage-1 to 
stage-2 can also be found in both seven flight phases 
(Figure 3) and five fleets (Figure 4). The main effects on 
FDM categories, flight phases, and fleets were statistically 
significant (Tables 1–3). The frequency of the FDM occur
rences upsurge at the beginning of COVID-19 (Figure 
1(b)) revealed a significant increase in abnormal configu
rations, such as speed brakes with flaps, high speed at 

Figure 3. Trends of severity index on FDM exceedances among seven flight phases across three stages of the pandemic.

Table 3. Severity index (M and SD) and frequency of FDM exceedances among five fleets across three pandemic stages.
Before-pandemic (6/2019–1/2020) Initial-pandemic (2/2020–9/2020) Settled-pandemic (10/2020–5/2021) Total retrieved data (6/2019–5/2021)

Fleet FDM events
Severity index 

(M and SD) FDM events
Severity index 

(M and SD) FDM events
Severity index 

(M and SD) Total events
Severity index 

(M and SD)

A319 690 33.26 (28.13) 268 43.47 (39.05) 85 40.95 (31.25) 1043 36.51 (31.84)
A320 1269 31.57 (24.30) 679 37.21 (29.33) 201 34.72 (26.74) 2149 33.65 (26.33)
A321 521 33.37 (22.38) 176 41.02 (28.06) 36 47.72 (42.75) 733 35.91 (25.48)
B773 96 44.52 (41.25) 66 46.68 (40.51) 88 44.99 (34.03) 250 45.26 (38.51)
B777 339 35.88 (26.77) 139 42.14 (33.18) 108 35.56 (27.59) 586 37.31 (28.64)
Total 2915 33.22 (26.04) 1328 39.97 (32.45) 518 38.57 (30.51) 4761 35.69 (28.64)
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runway stop end, low power on approach, simultaneous 
sidestick inputs, excessive roll rate, and instantaneous 
pitch rate at take-off. These can be related to lack-of- 
practice effects and pilots’ proficiency decay at the begin
ning of the pandemic. There was a significant interaction 
in severity index between the three stages and five cate
gories of FDM events. The patterns for each FDM cat
egory were different across three pandemic stages. There 
are three FDM exceedance categories mostly related to 
flying skills including CFIT (such as GPWS soft warning 
and slow rotation during go-arounds, etc.), LOC-I (such as 
high normal acceleration in flight and climb speed low 
400–1500 feet, etc.), and RE (high deceleration at stop 
end and high normal acceleration at landing, etc.). These 
showed an increase in the second stage but signs of a 
recovery in the subsequent third stage. In contrast, the 
average severity index for MAC (such as altitude devi
ation and TCAS resolution advisory, etc.) and GA (such as 
go-around from below 1000 feet, etc.) were approxi
mately equal across the three stages (Figure 2). In gen
eral, it is more important to reduce the severity levels 
instead of the number of FDM events (Holtom 2007; 
Orasanu, Fischer, and Davison 2017). 

Deviations from acceptable values at stages of flight 
where the aircraft was flown manually (such as unstable 
approaches, high-pitch events, and hard touchdowns) 
provided information about the pilots’ handling skills 
(Bromfield and Landry 2019), especially during approach 
and landing. The landing flight phase remains the flight 
phase with the highest average severity indexes, 

followed by take-off and approach (Table 2 and Figure 3). 
These lack of practice effects could be linked back to the 
several skill types (technical vs. non-technical skills) and 
their retention among pilots. Although both technical 
and non-technical skills were affected as the pandemic 
spread, the rate at which pilots could regain them was 
different depending on the skill type. Manual flying skills 
could be regained fairly rapidly, because of the simulator 
training sessions implemented by the airline. However, 
non-technical and other technical skills, such as oper
ational proficiency (cockpit flows, use of procedures) 
were harder to regain, especially when operating in a dif
ferent environment (fewer flights, thus shorter flight 
times due to ATC shortcuts). This pattern can be linked 
back to a fluctuation of the severity index in the second 
and third stages for RE and LOCI events, which remain 
higher compared to the first stage. During the later pan
demic stage, the airline had to adjust its operational pro
cedures and policies based on the new safety regulations 
from regulators, such as CAA, EASA, and ICAO. The cur
rent restrictions and related safety challenges (crew ros
tering, fatigue, morale) can be considered expectable 
and quantifiable variables whereas new disruptions (such 
as the threat of a new virus variant) can be considered 
unexpectable challenges. The operation has been dis
rupted, and flight data repartitions thus shifted. This has 
made it more difficult to derive safety trends as opera
tions’ regularity is not ensured anymore, while the ana
lysis of deviations from accepted thresholds is still 
possible. 

Figure 4. Trends of severity index on FDM exceedances among five fleets across three stages of the pandemic.
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5.2. Differences on lack-of-practice effects 
between short-haul and long-haul pilots 

The results revealed that the Airbus A320 aircraft fea
tures the lowest severity index and the Boeing B773 
features the highest severity index over the three pan
demic stages than the other aircraft. Before the pan
demic, short-haul aircraft had on average more FDM 
exceedance than long-haul aircraft, which can be 
explained by the larger flight numbers they perform. 
This statistically magnified the possibility for an FDM 
event to occur, as most FDM events take place during 
the take-off and landing flight phases. Therefore, while 
a long-haul aircraft performs one take-off and landing, 
a short-haul aircraft would typically take off and land 
two to four times. The severity index scores on long- 
haul were higher than on short-haul aircraft (Table 3). 
Long-haul pilots were still able to fly at a lower but 
regular rate during the pandemic due to the increase 
in air cargo demand which enabled the airline to 
maintain a great number of its long-haul flights. On 
the other hand, quarantine measures and travel 
restrictions greatly affected the short-haul sector, as 
passenger demand dropped and could not be com
pensated by cargo due to a lack of space on short- 
haul aircraft. Therefore, short-haul pilots had less 
chance to fly, which increased their risk of both lack 
of practice on SOPs and manual flying skills decay. 

5.3. Severity index demonstrated safety resilience 
during COVID-19 disruptions 

The severity index increased from the first stage to the 
second stage at the initial of the pandemic and then 
dropped to a lower level in the third stage settled pan
demic (Tables 1–3). Such results may reflect the fact that 
FDM may contribute to building resilience by providing 
self-monitoring capabilities to each operator. Information 
derived from an FDM programme can then be used to 
adapt operational procedures or develop a specific train
ing syllabus addressing some specific issues found. In 
safety terms, resilience is the ability of a system to adjust 
so that it can sustain normal functioning in dynamic sit
uations of changes and disruptions (Holbrook et al. 2019; 
Ham 2021). Different types of resilience can be inferred 
from this analysis. Both individual resilience (each pilot’s 
resilience) and team resilience (as a crew) proved to have 
been in place which positively influenced organisational 
resilience. Resilience engineering has also emerged as a 
practical safety discipline that aims to proactively man
age system safety through a synergistic integration of 
Safety-I and Safety-II which have attracted much atten
tion in the safety community for the last two decades 

(Pari�es and Wreathall 2017; Patriarca et al. 2018; Provan 
et al. 2020). In return, the airline was able to implement 
specific training sessions for pilots which reinforced indi
vidual and team resilience. 

The severity index was increasing at the beginning 
of pandemic (stage-2) and decreasing at the stage-3 
demonstrated resilience in both individual pilots and 
organisational safety management, although the num
ber of flights significantly decreased compared to 
stage-1 (Figure 1(a)). Theoretically, the severity index 
should have increased significantly following the pat
tern from stage-2 to stage-3. However, the airline fol
lowed the guidelines provided by the regulators (CAA, 
EASA) and was able to implement safety measures, 
such as specific additional supports and shared infor
mation on sustaining mental and physical health and 
training, to mitigate possible skill decay both in terms 
of handling skills and human performance. Therefore, 
the pattern of arrow-shape on the severity index 
among the three stages of pandemic impacts demon
strated the dynamic stability of safety resilience. This 
was possible due to the analysis of a combination of 
data sources, such as FDM, Air Safety Reports, and 
strong informed and learning cultures acquired over 
the years. Following an initial unexpected disruption, 
this airline was able to regain a relatively stable state 
(Figures 2–4). The second stage of the initial pandemic 
showed an increase in severity index scores for all 
fleets, but these numbers show a decreasing trend in 
the third stage of the settled pandemic (Figure 4). It 
can be assumed that the airline adopted mitigation 
strategies to cope with the pandemic’s disruptions 
with regard to resilience in-flight safety. This is particu
larly relevant for the short-haul sector, as the severity 
index scores started to decrease during the third 
stage. The results show that the events requiring a 
combination of technical and non-technical skills, such 
as RE events (as they require both aircraft handling 
and energy management, but also situation aware
ness, communication, and teamwork among others) 
are most prone to skill decay, leading to a rise in 
event severity. By targeting the events where the 
event severity significantly increased and applying 
mitigation measures in terms of procedures and train
ing, safety managers may flatten similar patterns, 
should a drop-in practice occur again. These findings 
might also be useful to airlines employing a large 
number of seasonal pilots and airlines whose pilots 
work much less hours during the low season, as simi
lar trends in FDM event severity could be expected. 
This pattern shows evidence that safety resilience 
within the airline’s safety management system was 
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effective and pilots’ resilience to the impacts of the 
pandemic. Further studies could be conducted regard
ing how specific training measures and operational 
changes increased this resilience. 

5.4. Limitations 

Outlier detection is pervasive for detecting safety-critical 
events due to its ability to monitor degradation in mech
anical systems. In other words, monitoring degradation 
in mechanical systems was suitable as the system has 
boundaries in terms of operation and behaviour (Hodge 
and Austin 2004). There were fewer constraints and more 
potential for variability in non-mechanical systems and 
processes. The limits of FDM however, with regards to 
resilience is that FDM mostly focuses on the absence of 
safety instead of its presence. Moreover, with the increas
ing complexity of air traffic and automation, the number 
of interactions within the Air Traffic System (ATS) expo
nentially increases (Aven and Zio 2014; Harris and 
Stanton 2010). This reduces the ability of operators to 
solely rely on past events or precursors to identify safety 
issues or possible risks (Stogsdill 2022). Weather disrup
tion could also trigger an increase in FDM occurrences 
which would normally be related to manual flying skills 
and could bias the results. Therefore, more evidence is 
required to conclusively establish skill degradation 
through FDM (Sikora, Hari, and Hanusch 2020; Arthur 
et al. 1998). Finally, identifying the direct causal factors 
related to the increasing SI, such as health and safety pol
icies of COVID and mental and physical fatigue is compli
cated and difficult. Therefore, ‘lack of practice’ is 
considered the most probable reason, but other possibil
ities could not be ruled out for certain. 

6. Conclusion 

The lack-of-practice effects may have hindered pilots’ 
handling skills and decreased pilots’ proficiency at the 
beginning of the pandemic. The second pandemic stage 
featured a sudden drop of 70% in flights. The arrow- 
shaped pattern on FDM events among the three pan
demic stages demonstrated aviation’s safety resilience. 
Following an initial unexpected disruption, the airline’s 
safety management system was able to regain its safety 
resilience. Furthermore, FDM contributes to building 
resilience by providing self-monitoring capabilities to 
each operator and the regulators in cases where the data 
is shared. This provides constant learning and feedback 
processes for every actor involved, including the opera
tors—pilots, air traffic controllers, but also airlines, manu
facturers, and regulating bodies. Knowledge derived 

from an FDM programme can then be used to adapt 
operational procedures and develop specific training syl
labi addressing operational risks which had been identi
fied. Moreover, the collected information can also be 
passed on to the pilots providing pilots and management 
with additional insights to improve operational safety. 
The use of a generalised SI score can prove beneficial for 
other high-risk systems, such as healthcare or the nuclear 
industry, where multiple barriers are in place to avoid 
high severity events. Future research shall be focusing on 
machine learning algorithms, and predictive modelling 
on more comprehensive flight data sets including aircraft 
state variables and the complex operational environment 
to integrate risk mitigation strategies. The use of SI 
indexes in real-time analyses is also an opportunity to 
gain direct insight into a developing situation in terms of 
risks. 
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