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Abstract
Further development of digitalization and technology increases the amount of usable data and the possibilities
of using it. With increasing competition in aviation around the world and decreasing profits, the value of this
flight data is rising. Therefore, it is not surprising, that ways of misusing the data are growing likewise, which
in some cases has led to compromised safety [1]. Hence storing and using data in a suitable way is one of the
major challenges these days. One of the many stakeholders in this difficult process of finding an appropriate
way of handling this kind of data are the pilots. They are the ones, who are producing the flight data and who
can primarily face consequences by the misuse of such data. In the LuFo project OBSERVATOR predictive
maintenance technologies are examined.
Therefore, the acceptance from commercial pilots to use flight data for predictive maintenance is measured
through structural equation modelling. Especially the influence of facilitating conditions and the pilots’
perceived risk are considered.
The findings of this paper reveal that while the facilitating conditions have a positive impact on the perceived
usefulness, which positively affects the intention to allow such usage of flight data, they also have a negative
impact on the perceived risk, which negatively influences said intention.
Furthermore, we asked the pilots what would help them feel more comfortable with the flight data being used
for predictive maintenance and whom they trust the most with handling their flight data. The results of this give
some advice on what future systems should consider.

examined by analysts for damage, this could become like
monitoring work performance for the pilots. While current
discussions about predictive maintenance mainly focus on
the legal and technical enforcement of such systems, this
paper aims to measure the acceptance of the pilots towards
the increasing data usage for predictive maintenance. In
addition, past studies have shown that user acceptance is
decisive for success and is often underestimated. [5] Thus
understanding and improving the system from the pilots’
point of view is important.

1. INTRODUCTION
Flight Data already has an essential value in aviation.
Therefore, Flight Data Monitoring (FDM), also known as
Operational Flight Data Monitoring (OFDM) or Flight
Operations Quality Assurance (FOQA), and Flight Data
Analysis (FDA) are very common among the airlines to
improve safety and maintenance actions. For commercial
air transport with aeroplanes in excess of 27000kg it is even
mandatory “to establish and maintain a flight data analysis
program as part of its safety management system” [2]. With
further development of digitalization and technology the
amount and quality of usable data increases, as do the
possibilities to use this data. [3] For example, combining
different datasets adds even more value to the data. Thus,
it is not surprising, that airlines want to analyse more and
more data to find inefficient processes and reduce their
costs.

Instead of just measuring the acceptance, this paper aims
to find out how to improve such a system in the pilots’ point
of view. One thing is the system itself, meaning what
features would make pilots feel more comfortable. In the
end the pilots are the ones who produce the data, which
means that they are more likely to experience
consequences from it. Even if it only means that some pilots
have concerns in such data usage, it could lead to a change
in their behaviour. Since safety should be number one
priority in aviation, a change of behaviour into a solely
economically driven direction could end badly and should
be avoided. The second point we approached is whom
pilots’ trust the most with handling flight data.

However, it becomes critical when the analysed data gets
evaluated. In the year 2012 three aircrafts of a low-costcarrier, which was accused of ranking their pilots by their
fuel usage, had to declare ‘Mayday’ due to low fuel on
board. [1] An investigation found no concerns regarding
compliance issues with existing law. [4] Nevertheless, this
case raises doubts about the safety culture resulting in such
data analysis. If lots of parameters of the aircraft are
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absolute value above 0.616 between the factors. The
reliability of the factors was checked by determining
Cronbach’s alpha, which is sufficient (>0.7) for each factor
and shown in the first row of TAB 1. [17]

TAB 3. Validity Analysis Continuation
Construct
PU

TAB 1. Factor loadings Exploratory Factor Analysis

PU

FAC

RSK

0,784

FAC

0,583***

0,706

1

2

3

4

RSK

-0,493*** -0,472***

0.890

0.787

0.727

0,855

ITN

0,759***

PU1

,739

-,311

PU2

,477

PU3

,672

PU4

,813

PU5

,865

PU6

,868

Cronbachs
Alpha

0,872

*** = Significance of Correlation p<0,001

Construct

FAC2

,898

FAC3

,513

FAC4

,580
-,538

RSK2

-,509

RSK3

-,832

RSK4

PU

FAC

RSK

ITN

PU

RSK1

,531
,838

The confirmatory factor analysis was done with the program
IBM SPSS AMOS. To check for reliability and convergent
and discriminant validity the ‘Master Validity Tool’
developed by Gaskin [18] was used to calculate the
corresponding composite reliability (CR), Average Variance
Extracted (AVE), Maximum Shared Variance (MSV) and
McDonald Construct Reliability (MaxR(H)), which are
shown in TAB 2 and TAB 3.
AVE

MSV

MaxR(H)

PU

0,904

0,614

0,577

0,934

FAC

0,794

0,499

0,340

0,834

RSK

0,723

0,405

0,466

0,764

ITN

0,863

0,761

0,577

0,906

0,595

RSK

0,445

0,394

ITN

0,794

0,524

0,610

TAB 5: Model fit
Criteria

TAB 2. Validity Analysis [18]
CR

FAC

Finally, the model fit of the research model was tested.
Again, a Plugin developed by Gaskin and Lim was used to
calculate the recommended criteria by Weiber and
Mühlhaus and can be seen in TAB 5. [14] [22] The
corresponding thresholds vary in literature, so that a single
value below/above this threshold is not a cut-off criterion.
The thresholds are more of a guideline rather than a cut-off
criterion. As TAB 5 shows, the actual values are overall in
limits. The only exception is the Comparative Fit Index
(CFI), which has a value of 0,892 and is therefore below the
recommended value of 0,9. Nevertheless the deviation is
minor and Hu and Bentler see a value above 0,8 sometimes
as permissible. [23] Thus, the overall model can be
assumed to be acceptable.

-,596
,303

ITN2

Recommended Threshold

Actual Value

CMIN

-

190,745

DF

-

99

< 3 [24]

1,927

CFI

> 0,9 [25]

0,892

SRMR

< 0,1 [26]

0,081

RMSEA

< 0,1 [27]

0,097

CMIN/ DF

The causal model was then tested in AMOS and the
parameters are presented in BILD 3. In TAB 6 the
corresponding statistical key figures and regression
weights are shown.

Reliability is assumed if CR > 0.7, which is fullfilled for the
four constructs. [15] Furthermore, Convergent Validity can
be checked by CR alone, as suggested by Malhotra and
Dash. [19]
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-0,683***

TAB 4. HTMT Analysis [21]

,805

Construct

0,548***

0,637

For Discriminant Validity the heterotrait-monotrait ratio of
correlations (HTMT) analysis shows no issues as every
value is clearly below the threshold of 0.850 as can be seen
in TAB 4. [20]

FAC1

ITN1

ITN
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Guarantee for no
negative consequences
My airline should have no
access to the data
Superiors of mine have
no access to the data
Nobody should get
access to the raw data
Receiving monetary
compensation
Transparency of the
system
Surveillance of the
system by independent
persons
Anonymizing my personal
data

0,0%

50,0%

Other Carrier

Major Carrier

Low Cost Carrier

Student Pilot

100,0%

BILD 5. "What would make you feel more comfortable to
allow the use of your data for predictive maintenance?"
(multiple choice)
Furthermore, in terms of the open question regarding
possible change in behaviour one pilot stated “my airline
has a very punitive culture when it comes to QAR data and
FOQA. I find most of my colleagues feeling negative about
the QAR data analysis” and another one mentioned “[name
of airline] is not conform with FODA data and uses this tool
to make pressure on pilots”. Therefore, we asked the pilots
whom they would trust the most handling flight data. The
results can be seen in BILD 6. As can be seen, the majority
answered with their current airline.

BILD 4. Mean values grouped by airline business model

Last but not least 16 of the 81 pilots answering the open
question do have some concerns regarding a possible
change in their landing behaviour. Among those the most
addressed issues are “It may lead to focusing more on
gaining favorable data than prioritizing a safe landing” or “I
believe the landing behavior will shift in the direction that fits
the perfect parameters”.

However, this intention is often bound by conditions, which
became more obvious analysing the answers of the open
question regarding a potential change in landing behaviour.
Since this was a voluntary question, only 81 of the 100
people answered it. Though 51 people answered with no,
they often bounded conditions like “as long as the just
culture in the company is fine”, “as long as data is used in
a non-punitive way” or “as long as data is anonymized”.
This topic was addressed in a further question, in which the
pilots were asked about their preferences when dealing with
personalized data for predictive maintenance. The results
can be seen in BILD 5. Since multiple choice was possible,
every choice is scaled for every colour to 100%. The
guarantee for no negative consequences, transparency of
the system and anonymization can be summarized as the
main factors, that pilots would prefer.
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An Independent
"Aircraft Health
Management Company"
Manufacturer of the
landing gear

personal data.

Other Carrier
Major Carrier
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5. LIMITATIONS
The results of this paper are only based on 100 pilots, from
which the majority is from Europe and flying for a major
carrier. Therefore, this survey is not representative for all
pilots, but still gives some insights into the pilots’ opinion
regarding data usage for predictive maintenance. Next to
the small sample size, the number of items for the different
constructs with three or four items is at the lower end as
well. Thus, the overall model fit is not perfect and could be
improved. Nevertheless, as mentioned the model fit is
acceptable and the results are consistent for this sample.
Although this survey did not show significant differences
between different airline models, it should be kept in mind,
that the different business models are represented by few
people. For further studies it would be interesting to see, if
a larger sample size with more pilots from different cultures
and regions show no significant difference as well. Since
Merrit already identified cultural differences for pilots we
expect to find at least some effect. [30]

6. CONCLUSION
The pilots of this sample overall have a positive intention
towards allowing flight data to be used for predictive
maintenance. The key factors influencing this intention are
the perceived usefulness and the perceived risk. These two
are again influenced by the system features and capability.
Furthermore, the impact of data misuse was confirmed by
a minority of pilots and some even have concerns regarding
a potential change in behaviour. Even if this number is
small, it should be kept in mind, that one pilot alone bears
responsibility for many more passengers. Thus, this paper
recommends transparency, anonymization and a
guarantee for no negative consequences when handling
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9. APPENDIX
TAB 8. Statements
PU1

Using flight data for predictive maintenance of the
landing gear would enhance effectiveness.

PU2

I would find the usage of flight data for predictive
maintenance of the landing gear useful in my job.

PU3

The use of flight data for predictive maintenance of
the landing gear may improve my overall daily
operation.
Using flight data for predictive maintenance of the
landing gear for aircraft maintenance is a good
idea.
The use of flight data for predictive maintenance of
the landing gear is beneficial for my company..

PU4
PU5
PU6
FAC1
FAC2
FAC3
FAC4
INT1

INT2
RSK1
RSK2

RSK3
RSK4

7

In my opinion, the use of flight data for predictive
maintenance of the landing gear will have a positive
impact.
I think that my airline has the necessary technical
infrastructure to support the adequate protection of
the data.
I think that my airline has the necessary safety
culture to support the usage of flight data for
predictive maintenance of the landing gear.
I think my airline would support the adequate usage
of the data.
Management would welcome the fact that I allow
the usage of flight data for predictive maintenance
of the landing gear.
I have the intention to allow the usage of flight data
for predictive maintenance of the landing gear,
when it becomes available for voluntary use in my
airline.
Given that I could allow the usage of flight data for
predictive maintenance of the landing gear, I predict
that I would allow it.
I think using flight data for predictive maintenance
of the landing gear will interfere with my work.
I think using flight data for predictive maintenance
of the landing gear instead of mechanics in
assessing the aircrafts condition has a potential
risk.
I think using flight data for predictive maintenance
of the landing gear puts my privacy at risk..
I think using flight data for predictive maintenance
of the landing gear will have negative
consequences for me.

