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COMPUTER SAYS NO

‘cough®



At the root of human contirbutions to
occurences...

e e

Did you know you had made an error or mistake?

,No“is generally the answer in up to 80% of
occurences but when yes...

Did you intend for the outcome?

,No’the answer for almost all other occurences



MAHCO is a framework that you can fill with data T =[¢i-iige
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Eliana Haugg et al. / Transportation Research Procedia 66 (2022) 201-213



What is Al?
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EASA Artificial Intelligence Roadmap 2.0 (May 2023)

E.g. regression
analysis
or clustering

E.g. computer
vision (CNNs)
or natural
language processing
(RNNs)

Artificial intelligence (Al)

Technology that can, for a given set of human-defined objectives, generate
outputs such as content, predictions, recommendations or decisions influencing

the environments they interact with

Machine learning (ML) Logic- and knowledge-based

Algorithms whose performance (LKB) approaches

improves as they are exposed to Approach for solving problems

data. This includes supervised, by drawing inferences from a

unsupervised and reinforcement logic or knowledge base. This E.g. expert

learning techniques includes knowledge systems
representation, inductive (logic)
programming, knowledge

Deep learning (DL) bases, inference and deductive
engines, (symbolic) reasoning

Subset of machine
and expert systems.

learning in which
multilayered neural E.g. neuro-

n.er.rork_s lea_rn frqm Hybrid Al sym bolic
vast amounts of data  yechniquesimixing .
any of the three reasoning
approaches (ML,
Statistical approaches .
Traditional statistical approaches where a series of predetermined equations E.g. B_ayes]an
are used in order to find out how to fit the data. This includes Bayesian estimation

estimation, search and optimisation methods.




What is big-data in Aviation? austro
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Ziakkas, D., & Vink, L.S. (Eds) (2023). The Implimentation Guide to Artificial
Intelligence in Aviation Transportation. Purdue University Press.
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What could a tool show?
austro




Side by side...
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Disection of an overload austro
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What can we see?




MAHCO is a framework that you can fill with data
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Normal cognitive load

JPredictive situational
awareness®

Attention and perception
updating of situtional
awareness

Psychological individual

variability and biases

2. Establish deviations from
that SA for this occasion

. Consider the *attention” and

1. Identify what ‘normal’
situational awareness (SA)
might look like for a given
task (e.g. the ‘occurrence’
task/s)

3. Establish whether there
were any distractions during
the formation of this

situational awareness

4. Understand the level of
competence that the individual

should have

l

5. Establish likelihood of the
sequence of events occurring

in a given time

reeption” triggers (leads to
Napses in forming SA)

\ .

7. Considdr the ergonomic
‘executipn’ triggers of
decisions (|eads to *slips in

executifjg decisions’)

9. Consider and analyse (acute)
stressors 1o an operator (nof
personality dependenr): Psychologist
support recommended

/

8. Ungerstand the ‘knowledge
afd planning mistakes’ by
analyzing the ‘conscious’

decisions and compare to a
/ normal sample

10. capture ‘attitudes and behavioral
patterns (personality dependent): Use
Just Culture committee

Eliana Haugg et al. / Transportation Research Procedia 66 (2022) 201-213




Computational Human Performance in Air Traffic Management

The concept of ,Complexity*® is a mathematical
algorithm that is fed by source data from various
systems. ,Task Complexity® is generated using a
validated co-efficient

Human Performance is calculated by feeding ,task
complexity* through a prediction model that was validated
with psychometric and neuropsychological studies

Weather Complexity
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Time-
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Flight Plan Directory (FDP)
complexity

Workload

Cognitive Fatigue

/ il
\
\

Computational Human II
Performance
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Human Error Rate
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A Human Performance neural network is then used to
teach the system how to use complexity data to predict
Human Performance outcomes

Live Data feeds

Calculatio via Prediction

Model




Contributing Elements

Task / Complexity Live Data

During the Watch

Factors accumulating as a
result of Workload and Time

Outputs

Fatigue — Subjective
feelings
(VAS_Av)

Fatigue — Objective
response times
(PVT_Av)

ST o

Motivation

Other psychological
factors: personality.
confidence, resilience,
personal issues

N P

Psychosocial Data Collected

Live Data Feeds

Personal Psychological Data
Collected

Calculated Index

Total ATM Complexity
(Cx_Azg 2)

Task Complexity
(Cx and coefficient)

Workload
(NASA .TLX)

Task Load
(ISA_Agg 2)

Situational Awareness

Time_in Posifion

=

4

——

Fatizue — residual
capacity
(Secondary Task)

EEG (Vigilance.
Boredom and Fatiuge)

Fatigue — Subjective
(KSS & VAS_Awv Post
and confrolled for Pre)

Fatigue — Objective
response tim es
(PVT_Av Post and
controlled for Pre)

Boredom
(MSBS_15)

B

Task Complexity + Time in_Position controlled
by Total Time is run through the prediction model
to calculate Human Performance Index. The model
is calibrated by all of the Psychosocial data.

Total Shift Time

e

Human Error Rate
Measured miss-see.
miss-click. miss-talk)

-

Satisfaction

Motivation well-being,
long term commitm ent




What about another example? aUSCtO'ZQROL

How can ,fatigue’ lead to unsafe acts?

Within level

Sleep Characteristics in Esport
Players and Associations With Game
Performance: Residual Dynamic
Structural Equation Modeling

Frode Moen ™, Marfe Vatn®, Maja Olzen®, Jan Anvid Haugan' and Vera Skalicka*

People who perform better, sleep
better.

But people who are inconsistent, sleep
worse and perform worse




It is not clear, but complex Al analysis and
modeling reveals the links in clearer detail

Unstable

Goes through
many changes

Leads to ad-hoc
duties and
overtime

Less optimal decision
making by
Supervisors

Because the right

staff are not

avialable

. camm

Overload

Sectors not split
early enough /
traffic flow not

calibrated



Dynamic Structural Equation Modeling with austro

Rosters — lag time effects
Qh;:
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Rostering practices can lead to

Home |/

Stress

slow degredation of performance
over time...

Between-Level




The seven virutes of trust in Al austro
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Ziakkas, D., & Vink, L.S. (Eds) (2023). The Implimentation Guide to Artificial
Intelligence in Aviation Transportation. Purdue University Press.

Trust in
Performance

Trust in Trust in
regulatory Transparency
compliance

Learning to Trust Al

Trust in Data
Security

Trust in human-
machine
collaboration



We have to bring people along...

Shortage of skilled

nursing staff.

Inadequate
standard of nursing.

Lack of openness
and transparency
with key
stakeholders.

Focus on financial
goals and targets.

Reliance on self-
assessment and self-
declaration.

Outcomes based
performance focused on
bureaucratic, financial
targets.

Tolerance of poor
standards.

Culture

Denial of concerns and

Culture of top-down
managerial
concerns.

defensiveness in
reaction to criticism.

Crude measures
focusing on financial

No tools to monitor EOriro!.

feedback on quality of
care.
Lack of sophisticated
tools to enforce
standards.

Constant re-organization of
NHS structures leading to loss
of corporate memory.

Infrastructure
Complexity and
size of NHS.
patients and
public.

stakeholder

Organizations
L groups

operated in silos.

Processes

austro

CONTROL

' 0 National standards that Inadequate transfer

No consideration of o ) meehuitu [Thaade q trans!

consgers individuals did not engage Passivity ("heads
quality of care.

of information and
with, down').

concerns.

Failure to separate what is Focus on
absolutely essential from finance and No feedba 5 Over-
what is desirable. targets. regarding quality bureaucratic
care. processes.

Clegg et al., (2017). Applying organiaitonal psycholog as a design science: A method for predictiong malfunctions in socio-
Technical systems



Blue Print to bring everyone along...

SRy
1. Prioritise building trust with operators

This requires a commitment to transparency and
communication

3. This means sometimes tackling the Saftey Culture itself

4. Just Culture policies must apply to everyone — not just the front
line

5. We need to communicate the benfits, the limitations and how
they work if we want to bring Al tools in

6. Finally, the message must always be: the prioritisation of safety
over efficiency

This is what our operators believe in.
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Conclusion... BN CONTROL
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* The adoption of machine learning in aviation is already improving safety
and efficiency in the investigation of occurrences and Just culture.

* Ultimately, the success of machine learning in aviation will depend on the
ability of operators to build trust with management and to prioritise safety
over efficiency.

* By doing so, we can break down the suspicions and the hostility when a
tool reveals your potential for improvement or shows situations where
honest mistakes have been made.

* We can then look forward to utilising the findings for what they are:
opportunities for our own self development, our system development and
ultimately our cultural development.

For more info:

Linkedin: Lea Sophie Vink
Email: Lea-sophie.vink@austrocontrol.at
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