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Abstract

In anticipation of the future integration of AI into aviation systems, European Union Aviation Safety Agency
(EASA) has published the AI Roadmap 2.0 which, among other objectives, calls for the explainability of AI in
operational contexts. The goal is to enable human end users, such as pilots and air traffic controllers, to un-
derstand the cause behind the results of AI-based systems and apply them in operational contexts. This paper
presents a multi-level approach to achieving explainability for the Intelligent Pilot Advisory System (IPAS), an
AI-based cockpit assistant developed at the German Aerospace Center (DLR). Explainability is addressed both
at the AI-core level, where an interpretable multi-criteria decision-making model extracts feature-attribution in-
formation, and at the human-AI interaction level, where a human-centered approach derives interpretability
features to support cockpit interface design. A Wizard-of-Oz study with twelve airline pilots evaluated four dis-
play variants of the human-AI interaction system, each implementing different combinations of interpretability
features. The results show that while more interpretability features increase perceived explainability, compact
displays with fewer features are rated more useful for decision support. The paper concludes that operational
explainability must be considered at all levels of system design, from AI model selection to interface develop-
ment, and that parallel development of both the AI system and the human-AI interaction, along with early and
recurrent involvement of end users, is essential to address explainability and task-specific needs. Additionally,
the transferability of these findings to a second use case, the military Manned-Unmanned Teaming (MUM-T)
mission manager is discussed.

Keywords: Operational Explainability, AI-based Decision Support, Human–AI Interaction, Multi-Criteria Deci-
sion Support

1. Introduction
Integrating AI into aviation systems, particularly for safety-critical applications such as cockpit deci-
sion support, requires operational explainability to ensure calibrated trust, transparency, and effective
human-AI collaboration. This need is explicitly addressed in the AI Roadmap 2.0 published by the
European Union Aviation Safety Agency (EASA), which defines operational explainability as the provi-
sion of understandable, reliable, and context-relevant explanations of AI outputs to end users during
real-time operations [1, 2]. While existing eXplainable AI (XAI) methods provide technical insights
into model behavior, they often fail to meet the practical needs of end users, such as pilots who
require easily comprehensible, task-specific, and operationally meaningful explanations under time
constraints and uncertainty [3, 4, 5, 6].
There are many potential applications for AI-based systems in aviation. This paper presents the
Intelligent Pilot Advisory System (IPAS) as an use case for implementing AI in the airline cockpit
environment. Research was conducted on operational explainability for the IPAS, which is described
and discussed in detail in this paper. In conclusions, the transferability of the IPAS findings to a
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second use case, the Manned-Unmanned Teaming (MUM-T) mission manager, a display for future
air combat operations, is discussed.
The IPAS consists out of two subsystems: the AI Core Module (AICOM), which serves as the AI core
implementing the multi-criteria decision logic, and the AI-Crew Interaction System (AICIS), which acts
as the interface between pilots and the AI. The AICIS presents AI outputs in an explainable and op-
erationally useful manner, with the aim of ensuring that operators can understand the AI’s reasoning,
validate its recommendations, maintain situation awareness, and ultimately support human-AI per-
formance [7, 6]. Nevertheless, concrete guidelines and processes for integrating explainability into
operational systems for these domains are still lacking.
This paper contributes to closing this gap by:

1. Presentation of the fundamentals of operational explainability of AI as well as interpretable and
explainable AI methods.

2. Presentation of two aviation use cases for human-AI interaction: MUM-T and IPAS.
3. Presenting a multi-level approach to achieve operational explainability for the IPAS, combin-

ing the AI perspective (AICOM) and the human-centered interface development perspective
(AICIS);

4. Evaluating four explainable display variants of the AICIS in a Wizard-of-Oz study with twelve
airline pilots, focusing on explainability, operational suitability and usefulness;

5. Deriving design implications for balancing explainability with operational usability in Artificial
Intelligence (AI)-based aviation systems; and

6. Discussing lessons learned from IPAS development regarding operational explainability and
their potential transferability to the MUM-T use case.

The objective of the Wizard-of-Oz study presented in this paper (Section 5), is to explore the imple-
mentation of operational explainability for the AICIS. To this end, the study addresses the following
three research questions:

1. How do different Explainability-Information and their visualisations influence pilots’ perceived
explainability of AI results?

2. How do different Explainability-Information and visualisations affect perceived usefulness and
overall operational suitability for decision-support?

3. Which design implications can be derived for AI-based cockpit interfaces to provide operational
explainability, decision-making usefulness, and operational suitability?

2. Theoretical Background
2.1 AI Operational Explainability
The evolution of cockpit automation, from early airline cockpits with dozens of analog gauges and
manual steering to modern glass cockpits with complex cockpit systems, has shifted the human
role from an active, manual operator to that of a system manager [8]. While automation enhances
efficiency and safety, it also introduces human-factor risks such as loss of situation awareness (out-
of-the-loop effects), skill degradation, and automation bias [9, 10, 11, 12]. AI-based automation
intensifies these challenges because many AI models operate as black boxes, because their inner
working is opaque to human operators [13]. To reveal the black box, the field of explainable AI (XAI)
research has developed.
The EU Commission specifies that an AI system is explainable when its functionality and operations
can be explained in non-technical terms to a person not skilled in the art [14]. A clear distinction
must be made regarding the target audience for AI explainability. While the research on XAI focuses
on developing mathematical models to open the black box, it often prioritizes technical aspects over
user-friendliness and practical applicability for end users [3, 15]. End users are primarily interested
in the "Why?", the reasoning behind the AI’s decisions, rather than the "How?", the technical details
[16, 5]. However, most XAI models are designed for technical users, such as AI researchers, data
scientists, and developers, who use them for debugging and validation. End users, by contrast, are
largely ignored in XAI research [4, 17].
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Consequently, research in this area is needed, as explainability is a key aspect of Human-AI teaming
and human-centered AI, enabling effective, efficient, and safe collaboration between humans and AI
[7, 13]. For instance, explainability supports situation awareness [7], calibrated trust (preventing both
under- and over-trust in AI systems) [18, 19, 20, 21], enhances user satisfaction [13], and ultimately
improves Human-AI-Team performance [7, 22]. Providing too much explanatory detail can overwhelm
users, negatively impacting performance and usability [18, 19]. Striking the right balance between
explainability and cognitive load is crucial to ensure that AI systems remain both explainable and
operationally applicable for users.
The EASA AI Roadmap 2.0 introduced the term Operational AI Explainability, emphasizing it as a
fundamental requirement for all AI automation levels, from assistant systems (Level 1A) to shared
decision-making authority (Level 2B) and future advanced automated systems (Level 3B) [1, 2]. This
concept specifically refers to the provision of understandable, reliable, timely and context-relevant
explanations about an AI system’s results to end users during operation [1].

2.2 Interpretable and explainable AI Methods
The field of explainable and interpretable AI comprises a wide variety of methods, each differing in
scope, underlying assumptions, and how they relate to the predictive model in question. A fundamen-
tal distinction exists between explanation techniques applied post hoc to opaque models and models
that are inherently interpretable by design. While complex architectures such as neural networks
and ensemble methods generally require additional explanation techniques to make their behaviour
accessible, simpler model classes like linear models or shallow decision trees allow their decision
logic to be inspected directly, affording a degree of intrinsic transparency. Several dimensions are
commonly used to categorise this diverse methodological landscape. One such dimension concerns
the target of explanation: global approaches seek to characterise the overall behaviour of a model,
while local approaches focus on explaining individual predictions or specific decision instances. An-
other key distinction lies between model-agnostic and model-specific methods. The former treat the
model as a black box and derive explanations purely from input-output observations, offering broad
applicability across different model types. The latter leverage the internal structure of specific mod-
els to produce more targeted, though less generalisable, explanations. Together, these dimensions
provide a useful framework for navigating the growing range of XAI techniques available.
Among the most widely adopted explanation techniques in practice are Permutation Feature Impor-
tance (PFI) [23, 24], Integrated Gradients [25], and Shapley-value-based methods as implemented
in SHAP (SHapley Additive exPlanations) [26].

2.2.1 Permutation Feature Importance (PFI)
PFI is a model-agnostic, global method that estimates the degree to which a model relies on a given
input feature by measuring the degradation in predictive performance when that feature’s values
are randomly permuted, thereby breaking its statistical association with the target [23, 24]. The
importance of feature j is computed as either the difference or ratio between the permuted error
eperm, j and the baseline error eorig:

FI(∆)j = eperm, j− eorig or FI(×)j =
eperm, j

eorig
(1)

While simple and broadly applicable, PFI does not provide information about the direction of a fea-
ture’s effect on predictions, and can produce misleading results in the presence of correlated features,
as permuting a feature breaks the correlation structure and can generate unrealistic input combina-
tions [27].

2.2.2 Integrated Gradients
Integrated Gradients is a gradient-based attribution method applicable to differentiable models such
as neural networks. It assigns a contribution to each input feature by aggregating gradient information
along a straight-line path from a reference baseline x′ to the input x, formally defined as:
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IGi(x) := (xi− x′i)
∫ 1

α=0

∂ f (x′+α(x−x′))
∂xi

dα (2)

The method satisfies desirable axioms including Sensitivity and Implementation Invariance, and guar-
antees that attributions sum exactly to the difference between the prediction and the baseline output
[25]. However, the choice of baseline can substantially affect the resulting attributions, and the as-
sumption of a straight-line path through the input space can generate implausible intermediate points,
particularly for tabular data with complex feature relationships [27].

2.2.3 Shapley Values and SHAP
SHAP [26] provides additive feature attributions grounded in cooperative game theory, and is avail-
able in both model-agnostic and model-specific variants. Each input feature is treated as a player in
a cooperative game, where the payout is the model’s prediction. The Shapley value φi for feature i is
defined as its weighted average marginal contribution across all possible feature subsets:

φi(v) = ∑
S⊆N\{i}

|S|!(|N|− |S|−1)!
|N|!

[v(S∪{i})− v(S)] (3)

Intuitively, this asks: on average, how much does adding feature i to any subset of features change
the model output? A positive φi indicates the feature pushed the prediction above the baseline; a
negative value indicates it pulled the prediction below it.

2.2.4 Challenges and summary of Interpretable and Explainable Machine Learning
The open challenges surrounding Interpretable and Explainable Machine Learning have been the
subject of considerable research attention, with calls for a more rigorous scientific foundation for in-
terpretability [28] and detailed accounts of the practical and technical difficulties that arise in applied
settings [29]. Central among these are questions concerning the reliability and faithfulness of expla-
nations, the degree to which they accurately reflect underlying model behaviour, and their practical
utility for end users. The most prominent and recurring challenges can be summarised as follows:

1. Statistical uncertainty: The uncertainty of explanations is rarely quantified by XAI methods,
which can lead practitioners to draw overconfident conclusions, particularly when working with
noisy or sparse data.

2. Causal interpretation: As most XAI techniques capture correlational rather than causal relation-
ships, their use in contexts requiring actionable or causal insight remains limited.

3. Feature dependence: Methods that assume feature independence, such as permutation-based
approaches, can produce misleading attributions when input features are correlated.

4. Lack of definition: The absence of a precise and widely accepted definition of interpretability
makes systematic evaluation and meaningful comparison across methods difficult.

5. Evaluation metrics: No agreed-upon ground truth exists for assessing explanation quality, leav-
ing evaluation largely dependent on qualitative or subjective human judgement.

6. Local vs. global explanations: Reconciling instance-level local explanations with coherent
global accounts of model behaviour remains an open methodological challenge.

7. Scalability and complexity: The computational demands of many XAI methods limit their appli-
cability in high-dimensional settings or scenarios requiring real-time inference.

8. Human factors: What constitutes an understandable explanation is inherently user-dependent,
varying considerably with domain expertise, background knowledge, and cognitive capacity.

Notwithstanding these challenges, XAI plays an important role in the responsible deployment of AI
systems. Table 1 provides an overview about the discussed explanation techniques.
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Table 1 – Comparison of XAI methods

Aspect SHAP PFI IG

Explanation
Type

Additive feature attribu-
tions based on Shapley
values

Performance change af-
ter permuting a feature’s
values

Gradient-based attribu-
tion from a baseline to
the input

Output Format Feature contributions
summing to the predic-
tion

Importance score before
vs. after permutation

Attribution vector per
feature

Advantages Theoretically grounded;
fair; local and global in-
sight

Simple, fast; no retrain-
ing; clear global rank-
ings

Computationally effi-
cient; faithful for deep
models

Limitations Computationally inten-
sive

Sensitive to feature cor-
relation; no directionality

Requires differentiable
models; sensitive to
baseline

Use Cases Feature attribution; au-
diting decisions

Global importance rank-
ing; model monitoring

Interpreting deep neural
networks

3. Use Cases for AI Applications in Aviation
This section introduces the two use cases, the MUM-T and the IPAS. Sections 4 and 5 present the
multi-level research activities regarding the implementation of operational AI explainability for the
IPAS, while the transferability of the findings to the MUM-T is discussed at the end of the paper.

3.1 AI-Supported MUM-T Mission Management in Future Air Combat
MUM-T will be a central component in future air combat. In MUM-T, manned assets such as fighter
aircraft operate together with unmanned aircraft systems (UAS) in coordinated missions [30, 31, 32].
Even as UAS become increasingly autonomous, the human pilot will remain an important element,
especially during unexpected events that fall outside pre-planned use cases ([32].
Building on current technological trends, next-generation MUM-T systems will not only connect au-
tonomous UAS with human pilots but they will embed AI-enabled planning and decision-support tools
that work side-by-side with the pilot [30, 33, 34]. These intelligent aids are designed to support the
entire mission lifecycle from pre-mission planning through real-time monitoring to real-time mission
replanning when the circumstances demand [35, 36].
However, integrating UAS with autonomous capabilities in air combat missions raises assurance
but also trust concerns. The human pilot needs to trust that the autonomy will respect doctrinal
aspects, rules of engagement (ROE), ethical principles, and legal constraints, especially when hu-
man oversight cannot be continuously guaranteed. From an ethical-legal perspective, autonomous
weapon systems can only comply with ROE and ethical norms if their autonomy is bounded and their
decision-making processes remain interpretable and abortable by the human. However, the com-
plexity of a system comprising multiple autonomous UAS operating in a contested environment will
likely make efficient human oversight difficult, because the human pilot can no longer process the
flood of information in time to make time and safety critical decisions.
In some missions the human may even have to “send” a swarm of UAS into a contested area where
communications are jammed or spoofed, eliminating any real-time oversight. The swarm would then
operate completely autonomously and may identify and engage targets and perform battle-damage
assessment (BDA) on its own. Only after the communication link is restored would the system trans-
mit a post-mission report. Since the human only sees the mission results after it has already ended,
the system should provide a short, clear summary of the swarm’s actions covering the most important
observations, which targets were chosen, how they were engaged, and if any ROE were breached.
Methods of explainable and interpretable AI paired with a user-centered human-machine interface
(HMI) can make the reasoning behind autonomous decisions and actions transparent, supporting
human situation awareness and meaningful human control (MHC). Furthermore, [37] emphasize the
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importance of adopting a comprehensive Human-Systems-Integration approach in the design of AI-
supported mission management systems for future MUM-T missions, as successfully integrating AI
into existing mission management processes and systems requires careful consideration of human
operators’ needs in order to fully realize the benefits of MUM-T [38].
An example of an HMI concept that provides the human pilot with different plan alternatives that
were created by an intelligent mission management system incl. an icon and color coding based
visualization of key mission parameters of each plan is presented in [39]. Figure 1 depicts the HMI
concept (for further details, please refer to [37, 39, 40]). The HMI allows human pilots to compare
the proposed plan alternatives and choose the plan that matches best the current mission objectives.
The human would thus remain strategically involved in the mission by planning and launching the
mission and analyzing the collected data after the mission, while the autonomous systems handle
the tactical execution. Consequently, explainability serves as a bridge to enable human oversight
even for complex autonomous systems operated in contested environments.
While the HMI offers a simplified, high-level overview of the mission parameters associated with
each proposed plan, it does not yet present the underlying reasoning that led the intelligent mission
management system to assign those values. Consequently, human pilots cannot assess why a
particular mission plan received the respective parameter values. To close this gap, XAI-methods, like
those presented in Table 1 could be implemented and visualized on a separate, on-demand screen.
When a pilot selects a plan and requests further insight, the system would generate a concise, visual
explanation of the factors and internal decision processes that contributed to each plan proposal and
mission parameter. This approach would preserve the simplicity of the primary, high level view of the
HMI while enabling access to more detailed explanations about the proposed mission plans.

Figure 1 – Illustration if the HMI concept for icon-based visualization of key parameters of proposed
mission plans from [37, 39].

3.2 The Intelligent Pilot Advisory System
The IPAS is an AI-based cockpit assistance system developed to serve as a research platform to
investigate and demonstrate the integration and operational use of AI in modern flight decks, with
a primary objective of supporting flight crews in time-critical decision-making, particularly during ab-
normal and emergency situations such as unplanned diversions. According to EUROCONTROL, in
2024 approximately 30000 flights (0.32% of all European flights in 2024) landed at a different airport
than originally planned [41]. Such diversions can be caused by a variety of factors, including adverse
weather conditions, technical issues, medical emergencies, air traffic constraints, or limitations re-
lated to the destination airport [42]. In such situations, flight crews must make time-critical decisions
by rapidly gathering and evaluating a wide range of information. They also carefully weigh technical
constraints, operational limitations, and safety considerations while managing the aircraft. To ensure
structured and effective decision-making, crews often rely on established models such as FORDEC

6



Explainability at All Levels of System Development

(Facts-Options-Risks-Decision-Execution-Controll) [43].
To assist crews in these demanding situations, the IPAS includes a function that supports the flight
crew in finding an suitable alternate airport. This function generates, evaluates, and presents poten-
tial diversion options by gathering and evaluating relevant decision factors, considering operational
constraints, the current state of the aircraft and environmental conditions.
Figure 2 illustrates a simplified swimlane diagram of the IPAS, showing the functional allocation be-
tween the subsystems AICOM (AI core) and the AICIS (crew interface). This paper focuses on the
area highlighted by the dashed red frame in the diagram, the Option Assessment Support function-
ality.
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������������������������
AI-Assessment of the Situation

���������������
���������
Operational Capabilities
...

����������������������������

Assessment of
Situation

Generation of
Decision Options

Perception of Data

�����

�����

DecisionUnderstand
Situation

Discuss possible
Options


����������������	���

system internal data �ow information �ow to the crew

navigation database
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Figure 2 – Simplified swimlane diagram of Decision Support Mode. Adapted from [44]

The Decision Support Mode operates in two steps:

1. Data Collection & Situation Assessment Support
The AICOM continuously collects data from aircraft systems, navigation databases, real-time
weather updates, and air traffic information. This data is used to perform a comprehensive
situation assessment, which is then presented to the pilots via the AICIS.

2. Option Assessment Support
The AICOM generates alternate airport options based on the collected data. The AICIS presents
these options, along with supporting information, to the flight crew. The pilots then discuss the
options and make a final decision.

Previous research on the IPAS has established the foundations for its conceptual design [45, 46],
technical architecture [47, 48], and operational explainability [5].

4. Explainability Considerations in the Development of the IPAS
A central research goal of the IPAS development is to investigate how operational AI explainability
can be achieved for AI-based cockpit assistance systems. To explore this, two complementary ap-
proaches were followed in parallel. A top-down approach was followed to derive operational explain-
ability requirements tailored to the needs, expertise and task demands of pilots. These high-level
requirements guided the design of the interface of the AICIS, so that the AI results are presented
explainable to the pilots. A bottom-up approach focused on the AICOM, exploring interpretable meth-
ods that fulfill the AI’s functional requirements while making the system as explainable to humans. A
key challenge is to expose the relevant Explainability-Information (e.g., feature importance) so that
it can be fed into the user interface. The next step is to combine the pilot-centred explainability re-
quirements with the constraints and possibilities of the underlying AI model. In this way it is possible
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to demonstrate how operational explainability can be achieved from the AI-model level to the user
interface. In the following both approaches are described in more detail.

4.1 Bottom-up - AI Level perspective: Explainability in the Design of AICOM
The AICOM constitutes the model-facing core of the IPAS architecture. It houses the trained AI
models that produce rankings of candidate alternate airports. Given the safety-critical nature of the
system and the need to pass meaningful explanation outputs to the AICIS for presentation to the
flight crew, interpretability and explainability were given high priority throughout the development of
the AICOM, spanning the choice of training methodology and model classes through to the selection
of explanation techniques. These priorities are reflected in the design of the underlying methodology
itself.
The AICOM is built around the ExACT-MCDM methodology [49], which formulates the alternate air-
port selection problem as a supervised ranking task. This is more suitable than a classification
approach, as flight crews typically reason about multiple alternatives in parallel rather than selecting
a single option. Each option is described by a set of operational features, including runway length,
crosswind and tailwind conditions, fuel required, runway surface status, and distances, alongside
context features characterising the current aircraft state, such as airline type, altitude, and initial fuel.
A further key aspect of the methodology is its cyclical nature and use of synthetic data generation
[49]. Rather than relying on scarce real-world diversion data, training data is generated through sim-
ulations informed by domain expertise. This addresses the data scarcity problem common in safety-
critical aviation applications, while also contributing to transparency: since the data is generated by
the developers themselves, there is a deeper understanding of its structure and the assumptions
embedded in it, making the overall development process more traceable and auditable.

4.1.1 Hierarchical Constraint-Aware Evaluation Function
The ranking targets are derived from a hierarchical, constraint-aware evaluation function that encodes
domain expert knowledge through structured scoring and penalty terms [49]. This function is a central
explainability mechanism: because it is explicit and traceable, stakeholders can compare model-
generated rankings against the scoring logic and identify precisely where the learned model deviates
from the intended decision process.

Feature grouping and transformation
Let A = {a1,a2, . . . ,an} be the set of alternatives, and let xi = (xi1, . . . ,xip) denote the feature vector of
option ai. The features are partitioned into two groups:

• C: constraint-critical features, encoding safety and feasibility requirements (e.g. visibility, run-
way margin, fuel reserve),

• P: preference-based features, encoding operational efficiency criteria (e.g. distance to destina-
tion, distance to airline hub).

For each constraint-critical feature j ∈C, a transformation function φ j quantifies the degree of viola-
tion. For a lower-bound constraint with soft threshold s j and hard threshold h j, this takes the form:

φ j(xi j) =


0, if xi j ≥ s j (no violation),
s j− xi j, if h j ≤ xi j < s j (soft violation),
s j− xi j, if xi j < h j (hard violation, λ ← λ+1).

(4)

Upper-bound constraints (e.g. crosswind) are handled symmetrically, with the violation measured
as xi j− s j once the soft threshold is exceeded. Each hard-constraint breach increments a counter
λi ≥ 0 for option ai, acting as a large, discrete penalty that forces infeasible options to the bottom
of the ranking regardless of their preference profile. For preference-based features j ∈ P, an analo-
gous transformation ψ j(xi j) may be defined, typically encoding a monotone preference direction (e.g.
minimising distance).
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Aggregation and scoring.
After applying the transformation functions, the resulting values are normalised feature-wise across
all options using min–max normalisation. The aggregated group scores are:

Sconstr
i = ∑

j∈C
φ j(xi j), Spref

i = ∑
j∈P

ψ j(xi j). (5)

A second normalisation is then applied across options at the group level:

Norm(zi) =
zi−mink zk

maxk zk−mink zk
. (6)

The final score for option ai, which serves as the ranking target passed to the AI model, combines
the normalised constraint and preference components with the hard-violation counter:

Scorei = Norm
(
Sconstr

i
)︸ ︷︷ ︸

constraint group (penalty-dominant)

+λi + Norm
(

Spref
i

)
︸ ︷︷ ︸
preference group

. (7)

Lower scores are better. The structure guarantees that a single hard-constraint violation (adding at
least 1 to λi) outweighs any improvement in the normalised preference component, which is bounded
in [0,1]. Feasible alternatives are therefore always ranked above infeasible ones, while the preference
terms differentiate among the safe options.

Explainability, robustness, and uncertainty
The hierarchical scoring function underlying the ranking models has direct implications for the ex-
plainability of AICOM outputs. Because the models are trained on targets derived from this explicit
function, a well-trained model should assign feature importances that broadly mirror its structure, with
constraint-critical features dominating and preference features playing a secondary role. This pro-
vides a built-in sanity check: if an attribution method assigns negligible importance to a feature that
carries hard-constraint penalties in the scoring function, this is a signal that the explanation should be
interrogated before being surfaced to operational users. The function’s transparency also supports
stakeholder communication, as developers and domain experts can inspectand modify the trans-
formation functions without requiring access to internal model weights, separating what the model
learned from what it was trained to do.
The trained models themselves act as fast surrogates that approximate the scoring logic in real time
[49]. Robustness and uncertainty are incorporated directly into the training data through scenario
simulation: since factors such as wind, weather, and fuel estimates cannot be known exactly at de-
cision time, controlled perturbations are introduced into each scenario and the evaluation function is
applied across the resulting variants. The models are therefore not trained on a single determinis-
tic label per scenario, but on a robustness-aware estimate that reflects realistic input variability. By
handling this computationally expensive process offline during training, the surrogate implicitly en-
codes both the domain expertise of the scoring function and the uncertainty of the simulation, and
can deliver a reliable ranking almost instantaneously when it is needed most.

4.1.2 Shapley Values and Model-Internal Explainability
Multiple model classes were trained and evaluated within the ExACT-MCDM framework, spanning
the interpretability–performance spectrum [49]. A weighted-sum model was included as a fully trans-
parent baseline, chosen for its direct alignment with classical MCDM approaches and its fully in-
spectable decision logic. Learning classifier system (LCS) models based on the XCSF framework
were selected for their rule-based, interpretable representations. Two variants were considered: a
simple constrained variant with a small classifier population that remained largely inspectable, and a
larger performance-oriented variant with a significantly bigger population in which interpretability was
traded for greater representational capacity. Similarly, XGBoost was considered in two variants: a
simple configuration with a limited number of shallow trees that retained partial interpretability, and
a full configuration with many deeper trees in which predictive capacity was prioritised at the ex-
pense of human comprehensibility. Finally, a shallow feedforward neural network was included as
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the least interpretable of the considered models, for which post-hoc explanation techniques were re-
quired entirely. This range of model classes and variants allowed the explainability analysis to span
from fully transparent models to those requiring external tools, providing insight into what explanation
information could be reliably extracted from each and passed to the AICIS.
To extract feature-level insights from the trained models and assess what explanation information can
realistically be passed to the AICIS, three complementary explanation techniques were applied, all of
which are described in detail in Section 2.: PFI, SHAP, and Integrated Gradients [49]. The results of
this analysis are summarised in Figure 3.
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Figure 3 – Min-max normalised feature importance across models and explanation methods, taken
from [49].

Across the interpretable model classes, the methods produced broadly consistent results. The glob-
ally dominant decision factors, namely average distance to the closest airports, visibility, crosswind,
and tailwind, appeared reliably across methods and aligned with the safety-critical structure of the
evaluation function. For the weighted-sum model and the simple LCS variant, SHAP-based feature
contributions closely matched the explicit weight vectors, providing a natural sanity check and con-
firming that the explanation outputs would be meaningful if passed to the AICIS.
The picture changed markedly for the neural network. In the ranking formulation, context features
are repeated before each airport’s feature block in the input vector. SHAP and Integrated Gradients
both assigned overwhelming importance to these context features and near-zero attribution to the
airport-specific decision factors, a pattern that directly conflicts with the model’s strong ranking per-
formance and with the structure of the evaluation function [49]. This is consistent with documented
failure modes of gradient-based attribution methods when the input structure introduces systematic
repetitions [50]. PFI avoided this bias and produced a more balanced and operationally plausible im-
portance profile, suggesting the problem lay with the explanation method’s interaction with the input
structure rather than with the model itself.
This finding has direct implications for what can realistically be extracted from the AICOM and passed
to the AICIS. The factor ratings and feature contributions that the AICIS display variants visualise must
be sourced from explanation methods that produce reliable outputs for the specific model and input
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structure in use. For the neural network, SHAP and Integrated Gradients cannot provide this reliably
in the current formulation, whereas a permutation-based approach can. The choice of explanation
method therefore cannot be decoupled from the model architecture: selecting the highest-performing
model does not automatically make it the best source of explanation information for the crew interface,
and this must be validated before any outputs are surfaced to pilots.

4.2 Top-down - User-Interface Level perspective: Operational AI Explainability in the De-
sign of the AICIS

As Degen [51] argues, explainability cannot be implemented without a understanding of the needs,
goals, and tasks of the end users. Explanations must be user-specific, tailored to the characteris-
tics, knowledge, and operational context of the target user group [3]. Furthermore, the required type
and granularity of explanations depend on the users’ specific tasks and prior knowledge [4]. To ad-
dress this challenge, a user-centered and iterative Human Systems Exploration (HSE) development
approach [52] is adopted. This methodology enables the identification of pilots’ needs, goals, and
task-specific requirements for operational explainability while supporting the parallel development of
the AICIS. By integrating pilots early and frequently into the development process through interviews,
user tests, and small-scale studies, a concept for operational explainability is explored, defined and
getting more detailed step by step. At the same time the AICIS is continuously adapted to implement
and demonstrate operationally suitable explainability based on the defined concept [53].
To find a starting point, the concept of so-called interpretability features was developed. The idea
behind the concept of operational AI explainability via interpretability features and what this concept
is based on is described in detail in Würfel et al. [5].

4.2.1 Interpretability Features to support Operational AI Explainability
First of all, the term interpretability is used in the literature with a broad spectrum of meanings. To
identify an approach that ensures operational explainability, the definition proposed by Stevens and
De Smedt [54] was adopted:

“Interpretability is the ability to provide an explanation that consists solely of single chunks
of information, preferably in a human-understandable fashion.”

Lipton [55] refers to this as post-hoc interpretability : the extraction of individual pieces of data from
a trained model so that its inner workings become transparent without exposing the full black-box.
Hoffman et al. [56] argue that explanatory systems are most effective when they empower users to
self-explain rather than presenting a whole statistical representation of the algorithm’s output. These
ideas form the basis of the interpretability cues introduced for the AICIS.
The approach aims to bridge the gap between the algorithmic and operational levels, making the
reasons behind AI’s results explainable to pilots (Why a certain result is shown) while remaining
usable in decision situations with high operational workloads.
To prevent pilots from being overloaded in workload-intense cockpit situations, the approach avoids
presenting the full set of model parameters, statistical data, or a detailed decision tree. Instead, the
explanation is narrowed to a small number of relevant information chunks that explain the reason
behind an AI-based decision, keeping the AI-based System operationally feasible while still providing
the explanability necessary for the pilot to understand the AI recommendation. This trade-off between
explanatory detail and operational usefulness is the one highlighted by Stevens and De Smedt [54].
The term Interpretability Cues was later renamed Interpretability Features to reflect that they de-
scribe the structure, content, and presentation as system features [53]. The interpretability features,
identified through an exploratory, user-centred approach in Würfel et al. [5], are:

1. The system should display the decision factors typically used by the flight crew to make deci-
sions, adapted to the current information needs of the decision process phase.

2. The system should provide information about the assessment that the flight crew can compare
with their own perception, experience, and assessment.
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3. The system should show whether displayed information is the result of an AI process and
whether displayed information (AI assessment or AI-generated information) is based on real-
time data or on an AI forecast of the situation in the future.

4. The system must indicate which factors and factor combinations are included in the assessment
of the AI and how they affect a system output.

Depending on the use case and context, the development of human-AI systems in the aircraft cockpit
can be guided by these high-level requirements to support operational explainability.

4.2.2 Mockups: Explainable Display Variants
To evaluate the proposed concept for operational explainability, the identified Interpretability Features
were used to design four display variants as mockups. The displays fulfill the previously presented
functionality of the Option Assessment Support by presenting potential alternate airports along with
their AI-based assessment. Based on the Interpretability Features, explanatory information and vi-
sual elements were implemented to explain the reasoning behind the AI’s recommendations and
assessments to the user in an operational context:

• Decision-factor set: the list of decision factors that influence the airport rating (refers to Inter-
pretability Feature 1).

• Factor rating indication: a color-coded (green/amber/red) indication of whether each factor con-
tributes positively or negatively to the overall rating (Features 2 & 4).

• Feature importance indication: a quantitative magnitude that shows how strongly a factor
pushes the rating up or down (Features 2 & 4).

• Threshold visualisation: the distance of a factor’s value to its rating thresholds (Feature 2).

Interpretability Feature 3 was not implemented because the study focuses on the explainability of the
airport rating itself rather than on information about the underlying data and data sources.
All four variants consist of the same radar diagram 1⃝, which visualises the distance and heading of
each airport relative to the aircraft, as well as a hierarchical list 2⃝ that orders the airports by their
rating. The way in which the ratings are explained to pilots differs between the four display variants
due to the use of different explanatory information and visual elements.

1

2

3

Figure 4 – Explanation Visualisation 1: rtb - Baseline

The baseline variant rtb shows only the raw decision-factor values in a plain table, with no additional
explanatory information or visual element 3⃝. As shown in Figure 5, the color-enhanced baseline
variant rtbc adds the factor-rating information by color-coding the factors in the table according to
their rating.
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Figure 5 – Explanation Visualisation 2: rtbc - Table with colors

The two variants fp and fi further expose feature importance, each using a different visual style. Vari-
ant fp, shown in Figure 6, is based on a SHAP-inspired force plot: each decision factor is represented
by an arrow 4⃝ whose length indicates the magnitude of the factor’s contribution, while the arrow’s
color and direction indicates whether the contribution is positive or negative.

4

Figure 6 – Explanation Visualisation 3: - fp - Shapley inspired visualisation

Variant fi, shown in Figure 7, presents feature contributions as a bar chart 5⃝ combined with a color
scale 6⃝ that indicates how close each factor is to its critical threshold.

6
5

Figure 7 – Explanation Visualisation 4: fi - Feature contribution and rating areas

In both variants fp and fi, only the seven most important factors are displayed, as the significance of
the unimportant factors is very low and only those that have an actual influence are shown.
Here is an overview of all the display variants and their differences:

• rtb (baseline table): shows only the raw decision-factor values; no color coding or contribution
information is provided (Fig. 4).

• rtbc (color-coded table): adds the color-coded factor rating to the baseline table, enabling pilots
to see at a glance which factors are favourable or unfavourable (Fig. 5).

• fp (force-plot): builds on the color-coded table and adds a SHAP-inspired force-plot that visu-
alises feature importance as directional beams, thereby communicating both sign and magni-
tude of each factor’s effect (Fig. 6).

• fi (feature-contribution bar chart): combines the color-coded factor rating with a bar-chart that
explicitly displays the quantitative contribution of each factor and overlays the threshold visuali-
sation, indicating how close a factor is to a critical limit (Fig. 7).
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At the time of the study the actual AI model was still under development and did not provide the
necessary data. Therefore the airport-rating results shown on the displays-mockups were produced
by hand, according to the Wizard-of-Oz approach [57]. The displays therefore present AI-like ratings
that enable the evaluation of explainability without a fully operational AI model.

5. Evaluation of Explainable User Interfaces for the AICIS
The study in this paper builds on the work of Schog [58]. In the study, the four explainable display
variants described in Section 4.2.2 were evaluated by airline pilots with respect to perceived explain-
ability, perceived usefulness for decision-support, and operational suitability.
Operational suitability refers to a display’s suitability for use for decision-making in an operational
cockpit environment. Usefulness for decision support means that the displayed information and its
visualization support the pilots in decision-making in a useful way.

5.1 Method
5.1.1 Participants
Twelve airline pilots participated in the study. All were male, native-German speakers and held a
commercial pilot licence with an Airbus type-rating. Four pilots were younger than 30 years, six pilots
aged 30-39 years and two pilots were older than 39 years. Four pilots had logged between 1501 and
3000 flight hours and eight pilots had logged 3001 and more flight hours. Eight pilots served as First
Officer, two as Senior First Officer and two as Captain.

5.1.2 Study Design
Experimental design The study was design as within-subjects design: every pilot used and evalu-
ated all four display variants. All participants started with the baseline variant (rtb). To avoid learning
or order effects the order of the three enhanced displays (rtbc, fi, fp) was rotated according to a
Latin-square design. In addition, the underlying decision scenario was varied for each trial. Each
scenario contained a different configuration of airport attributes (e.g., runway length, weather, visibil-
ity, cross-wind) together with the corresponding weightings and ratings.

Wizard-of-Oz implementation of AI-results At the time of the study the AI core (AICOM) and the
cockpit interface (AICIS) were still under development and had not yet been implemented as a fully
connected system. In line with the Wizard-of-Oz paradigm, the AI outputs displayed to the pilots
were produced manually by domain experts who applied the multi-criteria decision-making logic that
drives the AI core. The resulting airport-rating values were then injected into the prototype displays.
No machine-learning algorithm were used. This set-up allowed the evaluation of the explainable
display variants without requiring a fully operational AI backend.

Test environment The study was conducted on a desktop workstation; no cockpit simulator or
additional hardware was used. No secondary tasks (e.g., navigation, communication, or other oper-
ational duties) had to be fulfilled, so participants could focus exclusively on the information presented
on the screen.

Procedure The study procedure comprised the following steps: 1. Briefing: participants received
an overview of the study purpose, the four display concepts and the task they would perform. 2.
Experimental blocks: for each of the four display variants the pilot performed the decision task and
completed questionnaires. 3. Ranking: after the four blocks participants ranked the displays with
respect to perceived explainability and operational suitability.

Decision task During each block, the pilot was presented with a fictitious situation in which the
originally planned destination became unavailable, the aircraft remained airworthy, and all passen-
gers were safe. The system offered three alternate airport options, along with an AI-generated rating.
Depending on the display variant, it also offered associated explainability information, such as color
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coding, feature importance, and threshold visualization. Pilots were instructed to first try to find ex-
planations to understand how the AI arrived at each rating (operational explainability), and second,
to select the most suitable alternate airport for the simulated emergency.

5.1.3 Metrics
The following metrics were used to capture the pilots’ evaluations of each display variant.

• Explanation Satisfaction Scale (ESS). The ESS assesses perceived explainability of the in-
terface. Details of the scale are provided by Hoffmann et al. [56].

• Tailor-made usefulness questionnaire. This short questionnaire examines the perceived
usefulness and information provision of the displays. The three items and their wording are
listed in the Results section (see Table 3).

• Post-experiment ranking. After completing all trials, participants ranked each display on two
dimensions (1 = best, 4 = worst):

1. Explainability : How well does the display explain the rationale behind the AI’s recommen-
dation?

2. Operational decision-support suitability : How suitable is the display for making the final
airport-selection decision in an operational context?

5.2 Results
5.2.1 Explanation Satisfaction Scale
The satisfaction of the explainability of the four display variants was evaluated by the participants
using the Explanation Satisfaction Scale (ESS). Figure 8 shows the boxplot of the rating results of
the ESS.

Figure 8 – Explanation Satisfaction Scale (ESS) - Boxplot

Descriptive statistics are shown in Table 2. Participants rated each variant on a 5-point Likert scale (1
= strongly agree, 5 = strongly disagree). Lower mean scores indicate higher perceived explainability.

Table 2 – Explanation Satisfaction Scale (ESS) scores for the four interface variants.

Display Variant Mean SD Levene p-Value Shapiro-Wilk N

rtb – table 3.32 0.73

0.927

0.34 12
rtbc – table+color 2.89 0.60 0.17 12
fp - force plot 2.67 0.67 0.33 12
fi – feature indication 2.51 0.67 0.72 12
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The feature-indication variant (fi) obtained the lowest mean score (M = 2.51), indicating the highest
level of satisfaction with the explanation. This was followed by the force-plot (fp) and the color-enhanced
table (rtbc), both of which also yielded mean values below the neutral midpoint (3.0). The raw-data
table (rtb) received the highest mean (M = 3.32), reflecting the lowest perceived explainability among
the four designs.
Levene’s test shows homogeneity of variances (p= .927> .05). The Shapiro–Wilk test is non-significant
for every condition (p > .05), confirming normality. Mauchly’s test of sphericity is also non-significant
(W (5) = .621, p = .465), so the sphericity assumption holds. A repeated-measures ANOVA therefore
reveals a significant difference between the display variants: F(3,33) = 4.672, p = .008, η2

p = .298.
According to Cohen [59], η2

p = 0.298 represents a large effect size.
Bonferroni-adjusted post-hoc t-tests identify a single significant difference between the fi and the rtb,
t(11) = 2.96, p = .029. fi receives significantly higher satisfaction scores than rtb. All other pairwise
comparisons are non-significant.
In summary, participants rated the feature-indication display variant as significantly more satisfying
than the raw-data table variant. The remaining display variants did not differ statistically from one
another.

5.2.2 Tailor-made questionnaire on perceived operational usefulness
The participants were asked to rate the four display variants with respect to their usefulness for
operational decision-making. All items were answered on a 5-point Likert scale (1 = strongly agree,
5 = strongly disagree). Table 3 presents the descriptive statistics for the three questionnaire items.

Table 3 – Perceived operational usefulness of the four interface variants.

Item rtb rtbc fp fi

Mean SD Mean SD Mean SD Mean SD

The display provided me with useful
support in selecting a suitable
alternative airport.

2.83 0.99 2.50 0.65 3.00 1.00 2.75 0.83

The display provided me with too
much information.

1.50 0.50 1.50 0.50 2.08 0.95 2.00 0.71

Important information were missing,
to make an informed decision.

3.92 0.86 3.42 1.04 3.33 1.03 3.08 1.19

All four interface variants were rated between 2.50 and 3.00 with respect to their perceived usefulness
for supporting the selection of an alternate airport. The color-enhanced table variant was rated most
useful (rtbc = 2.50 ± 0.65), followed by the feature-indication variant (fi = 2.75 ± 0.83), the raw-data
table (rtb = 2.83 ± 0.99), and finally the force-plot variant (fp = 3.00 ± 1.00). Regarding the “too much
information” item, the baseline variant (rtb) and the color-enhanced variant (rtbc) obtained identical
means of 1.50 (rtb = 1.50 ± 0.50; rtbc = 1.50 ± 0.50). The force-plot (fp) and feature-indication (fi)
variants yielded slightly higher means of 2.08 (± 0.95) and 2.00 (± 0.71), respectively. Because the
Likert scale is anchored at 1 = strongly agree and 5 = strongly disagree, the shown lower scores
represent stronger agreement with the statement that the display provides too much information. The
participants stated that the variants rtb and rtbc provided too much information, whereas the variants
fp and fi were perceived as slightly less overwhelming despite still being information-dense.
For the item addressing missing important information, the mean ratings ranged from 3.08 to 3.92.
The raw-data table variant showed the highest mean (rtb = 3.92 ± 0.86; least perceived missing
information), whereas the feature-indication variant showed the lowest mean (fi = 3.08 ± 1.19; most
perceived missing information).

5.2.3 Rankings of display variants
The twelve participants ranked each display from 1 (best) to 4 (worst) for explainability and for
decision-support suitability. The individual ranks were added together, so that a lower sum repre-
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sents a better rank.

Table 4 – Summed ranks of the four display variants in terms of explainability and operational
decision-support suitability.

Display Explainability Decision-support suitability

rtb 42 41
rtbc 31 25
fp 20 30
fi 19 24

For explainability the feature-indication variant (fi) achieved the best total rank, closely followed by the
force-plot (fp), while the raw-data table (rtb) received the worst rank. For operational decision-support
suitability, fi again ranked best, with the color-enhanced table (rtbc) only slightly behind, whereas fp
and especially rtb were rated less favourably.

5.3 Limitations
The limitations relate to two key aspects. First, the displays were tested as click dummies on a
computer, meaning that there was no operational context in a cockpit environment. The participants
were therefore not engaged in any other operational tasks, as would be the case in a real cockpit
in decision-making situations. This means that no conclusions can be drawn about the operational
usefulness and suitability of the display variants in a real cockpit environment. In future, it would also
be advisable to evaluate such displays in an operational cockpit environment in order to assess their
operational usefulness, suitability and explainability in this context, where factors such as parallel
tasks, information from cockpit systems and other operational factors may influence explainability
and decision support.
Secondly, the study did not use data generated by an AI model, but rather data simulated by humans
(Wizard of Oz paradigm), so that the explainability and usefulness of AI-generated data was not
captured, but rather the explainability and usefulness of the way AI-based results are presented.
However, once the basic appropriateness of the display variants for the purposes of explainability and
usefulness on decision making has been demonstrated, the display variants should be tested again
with real data generated by AI as soon as technically possible in order to confirm their suitability.

6. Discussion
The development of the AICOM and the findings from the AICIS mockups study offer relevant in-
sights into introducing explainability in operational AI systems, bridging technical feasibility with user-
centered design. The following discussion synthesizes the key lessons, their implications for cockpit
interface design, and their potential transfer to future applications such as AI-supported MUM-T mis-
sion management.

6.1 Lessons from the development of the AICOM
6.1.1 Explainability considerations should be embedded from the outset, not added after

the fact.
A central lesson from the AICOM development is that explainability cannot be treated as an add-on.
Decisions made early in the design process, including the choice of feature representation, the struc-
ture of the evaluation function, and the formulation of the ranking task, all had direct consequences for
what could later be explained and how reliably. In particular, the deliberate avoidance of dimension-
ality reduction techniques such as PCA was an important design decision. Although such techniques
can improve model performance, the resulting latent features are not directly interpretable by domain
experts or flight crews, which would undermine the transparency of the system and make it harder to
validate explanation outputs against operational expectations [27].
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6.1.2 The choice of explanation method cannot be decoupled from the model architecture
and input structure.

The feature importance analysis revealed that SHAP and Integrated Gradients produced misleading
results for the neural network due to the repeated context features in the ranking input structure,
while PFI provided stable and operationally plausible outputs. This was not a failure of the model
but a failure of the explanation method to handle the specific input representation. The practical
implication is that explanation pipelines must be validated not only technically but also against domain
expectations before their outputs are surfaced to end users. No single method can be assumed to
work reliably across all model classes and input structures.

6.1.3 The performance–interpretability trade-off extends to explanation reliability.
The neural network achieved the strongest ranking performance but proved the most difficult to ex-
plain reliably. The weighted-sum model and simple LCS variant, while lower in raw performance,
produced stable and consistent explanation outputs that could be directly verified against the evalua-
tion function. This suggests that in operational contexts where the quality of explanation information
passed to the crew interface is critical, a more interpretable model may in some cases be preferable
to the highest-performing one, depending on the deployment priorities.

6.1.4 Multiple explanation methods should be applied in parallel and cross-validated.
No single explanation technique provided a complete and reliable picture across all model classes.
The combination of model-specific methods, such as gain-based importance for XGBoost and population-
based importance for LCS, with model-agnostic methods such as PFI and SHAP provided a richer
and more trustworthy overall assessment. Discrepancies between methods should not be dismissed
as noise but treated as signals that warrant further investigation before explanation outputs are used
operationally.

6.2 Lessons from the AICIS Mockup Study
The study investigated four display variants, explaining AI-generated alternate-airport ratings. Pro-
fessional pilots evaluated each variant addressing explanation satisfaction and perceived usefulness.

6.2.1 Color-coding indicating individual decision-factor ratings improves explainability.
The table that presents the decision-factors with color-coded ratings (rtbc) and the two SHAP-inspired
variants (fi-feature-contribution bar chart and fp-force plot), which also color-code the factors, achieved
higher ESS scores than the raw-data baseline (rtb), which lists all decision factors without any indi-
cation of their individual rating. This visual cue, which distinguishes between positive and negative
factor contributions to the overall airport-rating, notably increases pilots’ satisfaction with the expla-
nation.

6.2.2 Adding information about decision-factor contribution leads to better perceived ex-
plainability.

The two SHAP-inspired variants (fp and fi) outperformed both table-based variants in terms of expla-
nation satisfaction. The feature-contribution bar chart (fi) variant achieved the best ESS score and
was the only design that differed statistically significantly from the raw-data baseline (rtb). This finding
supports the suggestion that pilots are more satisfied with explanations that provide more information
about how each decision factor influences the overall rating, including the extent of each contribution,
than with those that provide only a simple positive/negative indication. When participants ranked the
displays from most to least suitable for explanation, the SHAP-inspired variants (fp and fi) were clearly
preferred, whereas the raw-data baseline (rtb) variant was ranked last. Thus, the ranking results are
fully consistent with the ESS results.

6.2.3 The color-enhanced table (rtbc) is judged most useful and suitable for decision sup-
port.

In the tailor-made questionnaire, the color-enhanced table (rtbc) variant received the best score in
terms of usefulness and suitability for selecting an alternate airport. Additionally, the decision-support
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suitability ranking results show that the feature-contribution bar chart (fi) and color-enhanced table
(rtbc) variants are the most suitable for decision support, while the force plot (fp) and baseline (rtb)
variants are less suitable. This indicates that a table showing all the decision factors and their positive
or negative contribution to the overall airport rating is sufficient for making a decision, even if the
explanation is not the most satisfactory. By contrast, the SHAP-inspired force plot (fp) variant was
rated as the least useful, but still achieved good ESS-results.

6.2.4 SHAP-based visualisations lessen pilots’ perceived information overload even though
they provide richer explanatory detail.

The two table-based variants (rtb and rtbc) were considered to provide too much information, whereas
the SHAP-based variants (fp and fi) were rated more favourably. Nevertheless, even the SHAP-based
displays were considered to contain excessive information. Although the SHAP-inspired variants (fp
and fi) provide more explainability-related information about the AI results, such as feature contri-
butions and rating-threshold visualisations, their presentation format, which uses colored bars, di-
rectional beams and scaled arrows, appears to reduce the perceived information load compared to
tables containing numeric data. Additionally, the SHAP-inspired variants (fp and fi) variants display
only the seven most significant factors, rather than the entire set of twelve decision factors, as is the
case with table-based variants (rtb and rtbc). This reduces the amount of information that pilots must
process.

6.2.5 Feature indication and color coded tables striking a good balance between opera-
tional explainability and operational usefulness.

The results show that the most explainable design (fi-feature-contribution bar chart) is not automat-
ically the most useful for decision-support: color-enhanced table (rtbc) obtained the highest use-
fulness scores, whereas feature-contribution bar chart (fi) achieved the best explainability rating.
The feature-contribution bar chart (fi) variant provides greater operational explainability, while the
color-enhanced table (rtbc) variant is more useful for decision support. Consequently, a single vi-
sualisation cannot optimise both criteria simultaneously. Designers must either prioritise one of the
criteria or combine the two approaches. Looking at the ranking, both feature-contribution bar chart (fi)
and color-enhanced table (rtbc) were ranked as the most operationally suitable for decision support.
This suggests that both displays are suitable for operational use, striking a good balance between
operational explainability and usefulness.

6.2.6 Derived Design Implications
Integrating the findings on explainability, the usefulness of decision support, perceived information
overload, completeness, and the balance between explainability and operational usefulness suggests
a possible design direction: a cockpit display combining two visualisations that allows pilots to adjust
the level of explanation according to their current needs:
Primary quick-look view that...

• shows the overall airport rating, together with color-coded decision factors indicating the rating
for each factor.

• provides a fast, operationally useful overview without overloading the pilot’s cognition.

Secondary “explain-on-demand” view that ...

• reveals the extend of the contribution of each factor and the proximity of factor values to their
rating-thresholds.

• displays only the most influential factors, thereby keeping the amount of information manage-
able while delivering deeper insight when required.

This dual-layer approach respects the explainability-performance trade-off identified in the study: a
quick-look table (rtbc) satisfies the need for rapid, operationally useful information, with superficial
explainability, whereas the detailed feature-indication view (fi) supplies the depth of explanation re-
quired while containing operational suitability and preventing the display from becoming cluttered.
Consequently, the cockpit interface remains useful, explainable, and information-reduced, ensuring
real-world flight-operation suitability.
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6.2.7 Summary of the Explainability-information derived from the Interpretability Features.
Table 5 summarizes the results of the user study on how the implemented Explainability-Information
and its visual presentation contribute to operational explainability. These pieces of information were
originally derived from, and map directly back to, the high-level Interpretability-Features introduced
in Section 4.2. They can therefore be formalised as UI-level requirements for future cockpit-based
AI-system interfaces.

Table 5 – Impact of the three explainability information derived from the Interpretability Features on
explainability

Explainability infor-
mation

What it tells the user Observed impact on ratings

Raw input data
(presentation of raw
data)

Raw decision-factor
values as they are
received by the AI-core

Removing the individual raw values caused pi-
lots to report missing information, demonstrat-
ing that displaying the raw data is especially
important for operational suitability. Moreover,
every subsequent Explainability-Information
(color-coding, feature-importance indicator,
rating threshold visualisation) are based on
these raw inputs, making them an integral part
of the overall Interpretability Features concept.

Indication of
decision-factor rating
(color-coded: green =
positive, amber/red =
negative)

A brief visual cue in-
dicating whether each
factor contributes pos-
itively or negatively to
the overall airport rat-
ing.

Produced the largest single improvement over
the baseline (rtb → rtbc). Color-coding alone
raised the ESS scores notably.

Feature-importance
indicator
(fp: arrow-based plot,
or fi: bar-chart)

Shows how strongly a
factor pushes the over-
all rating up or down.

Adding this information further increased per-
ceived explainability. Between the two visu-
alisations, the fi-display, which shows feature-
importance on a separate bar chart, was pre-
ferred to the force-plot (fp), which uses arrows
of varying length and direction.

Threshold visualisa-
tion (display of rating
boundaries on a scale)

Makes the distance of
a factor’s value to its
rating thresholds visual.
Shows when a factor
would receive a differ-
ent rating.

The visualisation of thresholds in the fi variant
helped it achieve the highest overall explain-
ability score, with a significant difference to the
baseline (rtb).

6.2.8 Discussion on Technical Feasibility from the AI Perspective
A recurring theme in the AICOM development is the question of what explanation information can re-
alistically be extracted from a trained model and passed to the AICIS in a form that is both technically
reliable and operationally meaningful. The answer depends strongly on the model class in use, the
intended purpose of the explanation, and the computational constraints of the deployment context.
An important distinction must be made between the two main purposes for which explanation in-
formation is needed. During system development and validation, global explanations are required:
developers and domain experts need to understand overall model behaviour, verify that the learned
logic aligns with the evaluation function, and compare models across the interpretability-performance
spectrum. During operational use, local explanations are needed: for each individual diversion deci-
sion, the AICIS must be able to present the flight crew with a meaningful breakdown of why a specific
airport was rated as it was, based on the current situation.
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SHAP is primarily a local explanation method. It provides per-prediction feature attributions that show
how much each decision factor contributed to a specific airport rating relative to the expected baseline
output, making it well suited in principle for the operational use case. However, as demonstrated in
the AICOM experiments, SHAP did not produce reliable results for the neural network in the ranking
formulation. The repeated context features in the input vector caused SHAP to assign overwhelming
importance to context factors and near-zero attribution to the airport-specific decision factors, a result
that contradicts both the model’s strong performance and the structure of the evaluation function.
This means that for the neural network, SHAP cannot currently be recommended as a source of local
explanation information for the AICIS, regardless of its theoretical properties.
For tree-based models the situation is more favourable. TreeSHAP computes exact local attributions
efficiently by exploiting the tree structure, and the results were consistent and operationally plausible
in the AICOM experiments. From a computational standpoint, TreeSHAP is feasible for real-time
use, making it a viable option for passing local feature contributions to the AICIS for XGBoost-based
deployments [27]. For neural networks, KernelSHAP would require hundreds of forward passes per
prediction, introducing latency that would be problematic in time-critical operational settings, and as
noted above, the reliability of the results is also in question for the current input structure [60].
For global explanation needs during development, permutation-based importance proved to be the
most reliable and consistent method across all model classes in the AICOM experiments. It carries
no dependency on model architecture or input structure, and for the neural network it was the only
method that produced stable and domain-consistent importance signals. It is therefore the recom-
mended method for validating explanation pipelines and assessing overall model behaviour during
development, even if it does not provide the per-prediction granularity needed for operational expla-
nations.
In summary, the current feasibility picture is as follows. For interpretable models such as the weighted-
sum and simple LCS variants, both local and global explanation information can be extracted reliably
and at low computational cost. For XGBoost, TreeSHAP provides feasible and reliable local attribu-
tions suitable for operational use. For the neural network, local explanation via SHAP is currently not
reliable in the ranking formulation, and permutation-based global importance is the recommended
fallback. Addressing this gap, either through input restructuring, alternative local explanation meth-
ods, or a shift to a more interpretable model, is an important direction for future work before the full
explanation pipeline from AICOM to AICIS can be considered operationally ready.

6.3 Transfer to AI-Supported MUM-T Mission Management in Future Air Combat
The results of the current study, namely that the feature-indication visualisation achieved the highest
explanation-satisfaction score while the color-coded table was rated most useful for rapid decision
support, can be directly integrated onto the HMI concept shown in Figure 1. That HMI-concept
already employs icons and empirically validated color coding to convey key mission parameters and
their states. The feature-indication visualisation approach can be integrated into the HMI-concept by
adding another on-demand layer showing the quantitative contribution of each parameter (e.g., the
TreeSHAP-derived impact of a pop-up surface-to-air missile on the risk parameters) alongside the
existing icons, thereby providing pilots with deeper, model-based explanations when needed. This
design would leverage the proven color-coding for quick situation awareness and enrich it with the
feature-indication approach for improved interpretability.

7. Conclusion & Outlook
This paper introduces two use cases for AI-based assistant systems in aviation, developed at the
DLR: a military Manned-Unmanned Teaming (MUM-T) mission management system and the Intel-
ligent Pilot Advisory System (IPAS). The growing use of AI for safety-critical systems in aviation
demands operational AI explainability for end-users that supports calibrated trust, situation aware-
ness, and effective human-AI collaboration. To address this need, this paper presented a multi-level
approach for the IPAS that couples explainability-oriented design on the AI-side (AICOM) with a
user-centred development process for the cockpit interface (AICIS). Four prototype displays, a raw
data table, a color-coded table, a SHAP-inspired force-plot, and a feature-contribution bar chart, were
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evaluated in a Wizard-of-Oz study with twelve professional airline pilots. Participants rated the dis-
plays on perceived explainability, perceived usefulness for decision support, and overall operational
suitability. The results demonstrate a clear trade-off between explanatory depth and operational
usability. The study indicates that explainability satisfaction benefits the most from concise visu-
alisations of factor importance and threshold proximity. The color-coded table display received the
highest usefulness ratings, suggesting that a quick overview of factor ratings is most suitable for rapid
decision-making under workload.By contrast, the baseline, which was a table of raw data, performed
worst across all metrics. This confirms that raw data without any explanation does not satisfy the
explainability needs of pilots. A hybrid interface that offers a quick-look view for immediate opera-
tional support together with an on-demand, detailed explainability view appears most promising for
future AI-enabled cockpit systems. The findings of the study, combining quick color coded overviews
with detailed feature-contribution visualizations, can be directly applied to MUM-T HMI to provide pi-
lots with adaptive explainability tailored to mission demands. Integrating SHAP- or TreeSHAP-based
parameter impacts into existing icon- and color-coded interfaces could enhance trust without com-
promising operational speed in time-critical scenarios.
However, the integration of SHAP-based methods requires confirming that the method provides ac-
curate information from the model and that Shapley values can be computed sufficiently fast for
operational use. This depends on the type of model involved: for XGBoost, a custom TreeSHAP
variant exists that should prove sufficiently fast, but for models without a dedicated SHAP implemen-
tation, a model-agnostic approach would be required, which can be considerably slower. This may
be partially offset by the fact that only a single local explanation needs to be produced per inference,
a task for which SHAP is well suited. Nonetheless, the feasibility of real-world deployment should be
validated and tested before operational integration.

7.1 Multi-Level Implementation of Explainability
The development of the IPAS demonstrates that addressing operational AI explainability at all levels of
system design, from AI model selection to human-machine interface development, can be beneficial.
A hand-in-hand top-down and bottom-up approach was applied: In the top-down approach, human-
centered explainability requirements were derived from pilot needs, task analyses, and operational
constraints. From the bottom-up side, interpretable AI methods and explanation extraction techniques
were explored to ensure technical feasibility. This parallel development enabled continuous alignment
between the technical capabilities of the AI itself (AICOM) and the operational requirements of the
crew interface (AICIS). At the AI-core level, this meant carefully selecting models and input represen-
tations that enabled reliable extraction of explanation information, accepting that the most performant
model might not always be the most explainable one. The development process itself benefited from
early and recurrent end-user involvement through interviews, user tests, and iterative prototyping.
This was essential for identifying the operational context and explainability needs of the end users. It
enabled the AICIS to explain AI results in the ’language of airline pilots’.
While there is no one-size-fits-all solution for operational explainability, aspects from all levels of
the IPAS explainability research can be transferred and adapted to new use cases and AI-based
systems. High-level requirements, such as the interpretability features identified can be adapted to
a specific use case by developing and implementing design features derived from them. Similarly,
concrete design decisions and implemented features, which have been developed and detailed within
the AICIS, only need minor adaptations to fit the context of other use cases. This enables each
development team to adopt different components as required to meet the specific needs of their
system end users, taking into account their individual system development status, operational context
and explanation requirements.
This approach appears to work, as elements of the IPAS explainability effort can be integrated into
the MUM-T HMI. There, existing icon- and color-based visualizations can be enhanced with AICIS
findings, such as model-derived parameter impacts, to provide operators with adaptive explainability
tailored to mission demands.
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7.2 Future Work
The next step in developing the IPAS will be to bridge the gap between algorithmic and operational
explainability by integrating the AI core with the crew interface. A middleware component will be
developed to extract artefacts (e.g. SHAP and TreeSHAP exports, factor ratings) and translate them
into the visual elements and interpretability features validated in this study. This approach must
be tested for feasibility to ultimately merge the bottom-up and top-down approaches into a single
demonstrator of operational AI explainability.
To ensure broader applicability, the findings and lessons learned from the DLR work on operational
AI explainability will be transferred to other aviation use cases and safety-critical domains, such as
future air combat scenarios like MUM-T. To enable this transfer, guidelines that support the devel-
opment of AI-based, operationally explainable assistant systems will be defined and tested. The
guidelines may consist of a set of development-process tasks, processes and methods, a catalogue
of design considerations to take in the development process, a set of required interface features (e.g.
interpretability features and implementation examples), or any combination of these elements.
Beyond usability, explainability is increasingly a regulatory prerequisite for certifying AI-based sys-
tems in aviation. EASA’s roadmap and concept paper explicitly list AI explainability as a core require-
ment alongside learning assurance and safety risk assessment [1, 2]. This positions methods such
as SHAP not only as tools for human-centred interface design, but as potential contributors to the
broader certification evidence required for AI deployment in safety-critical aviation contexts.
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