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Abstract: In supervisory control tasks, particularly in high-risk fields, operators need to
collaborate with automated intelligent agents to manage dynamic, time-sensitive, and
uncertain information. Effective human–agent collaboration relies on transparent interface
communication to align with the operator’s cognition and enhance trust. This paper
proposes a human-centered adaptive transparency information design framework (ATDF),
which dynamically adjusts the display of transparency information based on the operator’s
needs and the task type. This ensures that information is accurately conveyed at critical
moments, thereby enhancing trust, task performance, and interface usability. Additionally,
the paper introduces a novel user research method, Heu–Kano, to explore the prioritization
of transparency needs and presents a model based on eye-tracking and machine learning to
identify different types of human–agent interactions. This research provides new insights
into human-centered explainability in supervisory control tasks.

Keywords: adaptive design; transparency; activity recognition; user research; eye tracking;
supervisory control tasks

1. Introduction
Supervisory control tasks involve complex situational awareness and high-risk

decision-making [1,2], particularly in fields such as Air Traffic Control, where systems
demand exceptional reliability and safety. These tasks are characterized by rapidly chang-
ing scenarios, large volumes of time-sensitive information, and significant uncertainty. In
such dynamic environments, the collaboration between human operators and integrated
automated intelligent agents as teammates has become a widely adopted approach [3]. In
this collaboration model, human operators typically act as supervisors, processing com-
plex and multidimensional information within a limited time, while intelligent agents
assist decision-making by providing predictions or recommendations. However, the final
decision ultimately rests with the operator [3,4]. In this context, maintaining cognitive align-
ment between the operator and the intelligent agent [5], as well as ensuring the operator’s
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trust in the agent’s recommendations [6], is critical for effective human–agent collaboration.
To achieve this, the human–agent interface, which serves as a communication and coordina-
tion bridge within the human–agent team, must provide transparent information [7]. This
transparency helps operators understand the intelligent agent’s intentions, capabilities,
future plans, and reasoning processes [7,8].

In recent years, increasing research efforts have focused on enhancing the transparency
and observability of human–machine collaboration systems. One prominent direction is
explainable artificial intelligence (XAI), which emphasizes improving the transparency
and interpretability of black-box models, such as deep neural networks [9] and causal
inference models [10]. These studies typically adopt the perspective of system develop-
ers, focusing on evaluating and interpreting model behavior [11]. Another focus is on
human–computer interaction (HCI), where researchers aim to identify and meet users’
needs during interactions with intelligent agents [12]. For example, the human–agent
transparency model proposed by Lyons [13] and the situation-aware transparency (SAT)
model introduced by Chen [14] provide theoretical frameworks for achieving effective
transparency in human–machine collaboration [15]. These models also consider operators’
cognitive load and information needs in real-world tasks. In terms of interpretation tech-
niques, scholars have explored approaches such as local explanations of task processes [16],
feature-based explanations [17], and explanations related to safety, privacy, and vulner-
abilities [18,19]. These methods help operators understand the decisions and reasoning
processes of AI systems at different stages, enhancing their comprehension of the system
and improving decision confidence and collaboration efficiency. Additionally, information
visualization and ecological interface design (EID) are widely applied in interface design.
These methods use clear, concise, and intuitive text, graphics, and layouts to convey the
capabilities, limitations, intentions, and plans of intelligent agents [20–23]. Such designs
enable operators to quickly grasp system behavior and improve situational understanding.

Despite significant progress in enhancing system performance, strengthening auto-
mated supervision, improving situational awareness, and optimizing trust calibration [5],
existing technical explanations often fail to fully account for operators’ needs and cognitive
processes in real task environments [15]. In complex supervisory control tasks, operators
are more concerned with assessing the reliability of system outputs, understanding when
to trust the results, and knowing when to remain cautious. These practical needs often
take precedence over technical understanding of the model’s internal mechanisms [24].
Moreover, operators’ demands for transparent information vary according to their cogni-
tive habits, knowledge background, and the context of use. For example, some operators
may prefer detailed reasoning processes, while others might focus more on the system’s
reliability and risk assessments [25]. At the same time, an overabundance of transparency
information can lead to information overload, decreasing the efficiency of information
retrieval for operators [26]. Research has shown that complex or redundant information
displays not only delay decision-making but may also increase the perceived burden of the
interface, distract the operator’s attention, and even obscure key information [27,28]. Differ-
ent types of human–machine interactions in supervisory control tasks (e.g., responding to
proposals, supervising automation, monitoring automation) [29] require varying levels of
transparency information. Therefore, providing transparent information adaptively from
a human-centered perspective, based on task scenarios and the operator’s personalized
needs, has become crucial for improving system usability and trust.

The primary objective of this study is to develop an adaptive transparency information
design framework that dynamically adjusts both the presentation and content of trans-
parency information based on operators’ personalized needs and task interaction types,
with a user-centered perspective. This framework ensures that transparency information is
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presented in a timely and appropriate manner when most needed by the operator. Using
supervisory control tasks as a case study, the results demonstrate that the framework
significantly enhances trust in human–machine collaboration and task performance while
maintaining high perceived usability of the interface.

The main contributions of this paper are as follows:

1. Adaptive Transparency Interface Design Framework (ATDF): This study proposes an
adaptive transparency interface design framework (ATDF) for situational supervisory
control tasks. The framework encompasses two core components: transparency
information needs mining and user activity recognition. This framework not only
enhances the situational awareness and trust of human–machine teams but also
ensures that the perceived usability of the system interface remains at a high level.

2. Heu–Kano User Research Method: A novel user research method, Heu–Kano, is intro-
duced in this study. From a human-centered perspective, it explores the prioritization
gradient of transparency information needs in supervisory control tasks.

3. This study presents a non-invasive HAT (human–agent team) interaction-type recogni-
tion method based on eye-tracking data and machine learning models. Experimental
results demonstrate that this method outperforms existing approaches in terms of
task stage recognition accuracy and the required time window length.

The remainder of this paper is organized as follows: Section 2 reviews related work
on transparency, user-centered research methods, and non-intrusive task phase recogni-
tion. Section 3 provides a detailed description of the Adaptive Transparency Dynamic
Framework (ATDF), including the Heu–Kano method and task-type recognition based
on eye-tracking and machine learning. Section 4 outlines the experimental design, im-
plementation process, and data collection methods. Section 5 presents the experimental
results, including the Heu–Kano computation outcomes and the performance of the ma-
chine learning classifiers across datasets with different window lengths. Section 6 discusses
the implications of the results and the limitations of the study. Finally, Section 7 concludes
the paper by summarizing the key findings and proposing directions for future research.

2. Background
2.1. Human-Centered Explainability and System Transparency Design

Explainable artificial intelligence (XAI) aims to address the transparency issue of AI
systems [30]. In recent years, there has been a growing recognition that explainability is
not only a technical issue but also a human-centered characteristic, where “explainability
depends on the perception and acceptance of the person receiving the explanation” [31].
Although extensive research has improved the understanding of intelligent agent behavior
through internal model explanations, these technical explanations often overlook the
needs and cognitive processes of users in real task environments [32]. To meet these
needs, transparency design should be viewed as a system design issue, not just a technical
implementation challenge [33].

Transparency-related information can enhance the predictability and consistency of
systems while simultaneously influencing how users perceive, process, and integrate this
information into their decision-making, thereby impacting trust formation. However, an
overabundance of information may inadvertently increase the cognitive load on operators,
negatively affecting the quality of their decisions [26]. This highlights the necessity for
transparency design to not only ensure clarity and comprehensibility but also prioritize
the delivery of key information that directly supports decision-making processes, thereby
fostering a balanced level of reliance and trust.
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Establishing a user-centered transparency framework can more effectively assist oper-
ators in making timely decisions within dynamic task environments, thereby enhancing
human–machine collaboration efficiency. This perspective offers a promising avenue for
advancing the field of transparency design.

2.2. Human-Centered User Research Methods (What Transparency Information)

In real-world situational supervisory control tasks, the interaction between humans and
intelligent agents is a dynamic process, and the complexity of transparency design arises from
the diversity and dynamic nature of user needs. Currently, traditional user research methods,
such as design probes [33], interviews [34], the Wizard of Oz method [35], participatory
design [36], co-design [37], design work packages [38], and design cards [39], are widely
applied to collect information from various dimensions and explore users’ perceptions and
expectations. However, these methods predominantly rely on qualitative analysis, which
makes it difficult to effectively quantify the prioritization of transparency requirements.

Based on situation awareness (SA) theory, Chen et al. [14] proposed the SAT model,
which divides transparency information into discrete levels along three dimensions: percep-
tion, understanding, and prediction. For example, transparency gradients are represented
numerically (such as levels 1-5 in the SAT model). This model aligns with the principles of
cognitive psychology and provides scientific guidance for transparency design. However, it
primarily defines the grading standards of transparency information at a theoretical level and
does not sufficiently account for the diverse needs of users in real-world task environments.
Additionally, problem-driven approaches for categorizing requirements (such as the XAI issue
library proposed by Liao [31]), while systematically summarizing user needs across various
contexts (e.g., “Why did it happen?” and “How can it be optimized?”), fail to address how
the gradient of transparency requirements specifically impacts design decisions.

The quantification of transparency requirement prioritization and the adaptive design
of diverse needs remain significant challenges, particularly in dynamic task environments
with substantial user heterogeneity [25]. Existing research suggests that the Kano model, by
quantifying changes in user satisfaction (through the better–worse coefficient), can effectively
assess the prioritization of requirements. This model has been widely applied in various
fields, such as new energy vehicle user preference analysis [40], digital educational resource
demand characterization [41], and video game user modeling [42]. These studies demonstrate
the potential of the Kano model to quantify the value of user requirements and provide a
theoretical foundation for the prioritization of transparency design. Meanwhile, heuristic eval-
uation, from the perspective of cognitive psychology, focuses on users’ usability feedback and
behavioral characteristics [43], offering methodological support for designing transparency
information that better aligns with user mental models. These two approaches are typically
applied independently in existing studies and have yet to form a systematic methodological
framework. By combining the Kano model’s quantitative capabilities with the qualitative
insights of heuristic evaluation, a novel approach can be established for the excavation and
prioritization of transparency requirements in dynamic task scenarios.

2.3. Non-Invasive Task-Type Recognition (What Task Phase to Explain)

Different automation interaction paradigms influence system supervision and inter-
vention. A deep understanding of the applicability of transparent automation to different
tasks will provide valuable guidance for engineers developing transparent designs [29].
In dynamic task environments, the effective presentation of transparency information not
only requires clarity on “what to explain”, but also the precise judgment of “when to
explain” [24]. Accurately identifying the user’s interaction paradigm (e.g., responding
to agent-generated suggestions, supervisory control, or monitoring only) through non-
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invasive methods (such as inferring user state from interaction data or behavioral cues),
while determining when the user needs transparent information, is key to enhancing the
timeliness and user experience of human–machine collaboration systems.

Eye-tracking technology offers a potential solution to this challenge. The classic
study by Yarbus [44] demonstrated that eye movement patterns significantly differ across
tasks, with eye-tracking data reflecting the user’s attention distribution and cognitive
state, providing a theoretical basis for inferring task phases. Subsequent studies have
further validated this approach. For example, Bulling [45] identified various tasks in office
environments using fixation and saccade characteristics, and Wang [46] proposed a self-
perception-based gaze task recognition method (TRCLP) for visual task classification in
virtual environments. These studies collectively suggest that inferring user task phases
from eye-tracking data holds promising application potential.

Eye-tracking data are inherently sequential, and the window length determines the
extent of temporal information a model can capture [47]. Shorter time windows are better
suited for capturing instantaneous features, such as fixation positions and momentary
saccade velocities, while longer windows help models identify long-term dependencies
and patterns, such as attention shifts and behavioral transitions. For recurrent neural
network-based models like biLSTM [48] and biGRU [49], longer windows are effective at
capturing temporal dependencies, though they come at the cost of significantly increased
computational and training complexity as the window length grows. In contrast, traditional
machine learning models, such as GBDT [50], SVM [51], and RT [52], are generally more
computationally efficient. These models do not rely on long-term dependencies and instead
use statistical features such as average fixation duration and peak saccade velocity for
classification. This makes them particularly efficient in scenarios with smaller datasets or
high real-time demands, where they can be quickly trained and effectively deployed.

However, in task scenarios, operators face significant time pressure, and response
delays can impact system performance. Therefore, the choice of window length, compu-
tational complexity, and real-time requirements must be considered together to strike a
balance between timeliness and reliability.

3. Design Framework and Methodology
This section introduces the construction method and details of the Adaptive Trans-

parency Design Framework (ATDF), covering two key components, transparent informa-
tion needs extraction and user activity recognition, as shown in Figure 1. The ATDF is
designed from a human-centered AI perspective, focusing on “ethical design” to explore the
gradient of user transparency needs and activity intentions. The framework dynamically
adapts the content of transparency information based on these insights.

3.1. Transparent Information Needs Mining Method

To explore the transparent information needs of operators in supervisory control tasks,
this study employs a user research method based on heuristic evaluation and the Kano
model (Heu–Kano). This method combines usability assessment with user needs analysis,
aiming to prioritize the gradient of transparency information requirements while ensuring
design usability.

3.1.1. Heuristic Evaluation Stage

Heuristic evaluation involves reviewing the system interface using a standardized
usability checklist to identify potential issues in user interactions [43]. In this study, the
heuristic evaluation focuses on the presentation of transparency information, aiming to
identify, from the perspectives of usability and engineering psychology, which transparency
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details are most critical for operators, especially in high-risk and dynamic supervisory
control tasks.

Figure 1. Schematic diagram of the construction and key components within the Adaptive Trans-
parency Design Framework (ATDF).

Based on Nielsen’s heuristic evaluation method [53] and considering the characteristics of
supervisory control tasks, this study concretizes several guiding indicators (e.g., interpreting
“recognition rather than recall” as “the intelligent agent should provide evidence for the user by
clarifying its interpretability throughout the decision-making process”). The evaluation covers
the operator’s needs regarding the system’s operational status, task progress, behavioral
intentions, risk assessments, and system feedback. A detailed list of these indicators is
provided in Appendix A. The evaluation team uses these indicators to assess whether the
system interface aligns with usability principles [53]. A list of transparency information pain
points is then compiled, and according to Endsey’s [54] situational awareness model, the
transparency information needs are classified into three dimensions, uncertainty regarding
system operation status (perception), concerns over the lack of visibility in task progress
(understanding), and confusion due to unclear system intentions (prediction), which will
serve as the foundation for subsequent prioritization assessments.

3.1.2. Kano Model Demand Prioritization Classification

The Kano model is a user needs analysis tool used to evaluate how different needs
impact user satisfaction [40]. In this study, to ensure data reliability, we designed a survey
containing both positive and negative questions. For example, a positive question might be
“How would you feel if this feature/function were available?”, while a negative question
could be “How would you feel if this feature/function were absent?”, The full set of
questions is provided in Appendix B, covering the three dimensions and 18 items from the
pain point list identified in the heuristic evaluation stage.

Each question offers five possible answers: (A) I like it (preferred feature), (B) I expect
it (desired feature), (C) I don’t care (neutral), (D) I don’t like it (disliked feature), (E) I hate
it (strongly disliked feature).

After excluding invalid responses and incomplete surveys, we calculated the better
and worse coefficients for each demand. This enabled us to quantify the operators’ prioriti-
zation of transparency information needs, providing the basis for the subsequent adaptive
transparency mechanism.

Figure 2 presents the specific implementation steps of the Heu–Kano method.
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Figure 2. Flowchart of the specific implementation steps of the Heu–Kano method.

3.2. Eye-Tracking-Based Interaction Type Recognition Method

In multi-tasking environments with frequent task switching, activity recognition is
crucial for the transparency design of real-time systems. This study proposes an eye-gaze
fusion method that combines eye-tracking data, real-time interaction data, and system
logs to accurately identify task types. Eye-tracking data reflect the operator’s attention
distribution, particularly during task switching, where gaze patterns and fixation durations
provide key insights into task transitions. By integrating these data with event timestamps
from system logs, we can annotate the timing of task activities. To build an efficient task
recognition model, we employed traditional machine learning methods such as GBDT,
SVM, and decision trees. These methods classify data based on statistical features of
eye-tracking, such as fixation duration and saccadic speed, avoiding the need to model
temporal dependencies, thus improving computational efficiency. The model’s performance
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is evaluated using accuracy, precision, recall, and F1 score, with particular attention to the
impact of time window length on performance to balance task recognition accuracy with
real-time processing requirements.

3.2.1. Time Annotation Data Labeling Method in Multi-Task, Frequent Switching Scenarios

In supervisory control tasks, human–agent interactions primarily include three types:
responding to agent-generated recommendations, supervisory control, and passive moni-
toring [29]. Different interaction paradigms correspond to distinct task allocation strategies,
directly influencing the operator’s transparency information needs. Additionally, in real-
world environments, operators not only interact with agents but also frequently adjust
equipment, modify parameters, and communicate with team members. These activities of-
ten result in frequent task interruptions, making interaction logging and behavior analysis
more complex.

Traditional data annotation methods rely on post hoc annotations, typically requiring
experts to manually label data [46]. However, in complex scenarios with frequent task
switching, such methods face significant challenges, such as the subjective nature of visual
tasks and the difficulty of accurately capturing task-switching moments. These limitations
hinder improvements in annotation efficiency and accuracy.

To address these challenges, this study introduces system logs and real-time interaction
data as auxiliary tools for data annotation. As illustrated in Figure 3, the annotation process
includes the following steps: First, user interaction behaviors, such as mouse click paths
and interface scrolling actions, are recorded to preliminarily identify operation intervals.
Second, regular expression scripts are employed to extract task-switching patterns and
other critical event timestamps from system logs. Finally, the recorded gaze data from
eye-tracking devices are integrated to refine temporal boundaries, associating gaze patterns
with task types to achieve precise timestamped data annotation.

Figure 3. Visualization of system logs and real-time interaction data for labeling in the study.
(In Step 1, the yellow circle on the “Eye-tracking data” block represents the operator’s gaze point;
the yellow line segment on the "real-time interface" block represents the mouse click path; Step 2
shows the duration and execution order of different tasks under experimental processes, and different
colored squares represent different tasks).
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This annotation method is efficient, easy to implement, and particularly suited for
scenarios where log formats are standardized and patterns are well defined. By integrating
multi-source data, this approach significantly reduces the complexity of data annotation
in scenarios with frequent task switching while ensuring the accuracy and consistency
of annotations.

3.2.2. Machine Learning Classifier

As mentioned in the background section, eye-tracking data are inherently sequential,
and the window length determines the extent to which the model can capture temporal
information. For methods based on recurrent neural networks (such as biLSTM and biGRU),
longer windows help capture temporal dependencies but also increase computational costs
and training time. In contrast, traditional machine learning models, such as GBDT, SVM,
and RT, primarily rely on statistical features like average fixation duration and saccade
velocity for classification. By avoiding direct modeling of temporal dependencies, these
models offer significant advantages in computational efficiency.

Considering the significant time pressure faced by operators in task scenarios, where
response delays may affect system performance, this study prioritizes optimizing the
eye-tracking window length and model complexity to strike a balance between real-time
performance and reliability while ensuring accurate recognition. Therefore, traditional
machine learning classifiers were chosen to improve the system’s responsiveness and
processing capability, while also meeting both accuracy and real-time requirements.

GBDT (Gradient Boosting Decision Tree) is an ensemble learning method based on an
additive model and forward distribution optimization [50]. It improves model performance
by progressively building a series of weak learners (typically decision trees) to optimize
the loss function.

For multi-class classification problems, the following extended cross-entropy loss
function is used:

L = − 1
N

N

∑
i=1

C

∑
c=1

yi,c log(pi,c) (1)

where

• C is the total number of classes;
• N represents the total number of samples in the training or testing dataset;
• yi,c is the true label of sample i for class c (using one-hot encoding, it is 1 if the sample

belongs to class c; otherwise, it is 0);
• pi,c is the predicted probability from the model that sample i belongs to class c.

The model is initialized with a constant value F0(x), typically chosen to minimize the
log-loss function (e.g., the initial probability is set to the proportion of positive classes in
the training set).

In each iteration, GBDT constructs a new decision tree hm(x) to fit the negative gradient
of the current loss function, as follows:

g(m)
i =

∂L
∂F(xi)

∣∣∣∣
F=Fm−1

(2)

where g(m)
i is the negative gradient of the current model for sample i, representing the

difference between the model’s predicted value and the true label.
The prediction of the newly constructed decision tree hm(x) is added to the current

model as follows:
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Fm(x) = Fm−1(x) + ηhm(x) (3)

Here, Fm(x) is the updated model after the m-th iteration, Fm−1(x) is the model from
the previous iteration, and η is the learning rate, controlling the contribution of each
decision tree to the model. In multi-class tasks, the model’s output is transformed into class
probabilities through the following softmax function:

P(y = c|x) = exp(F(x)c)

∑C
k=1 exp(F(x)k)

(4)

where

• P(y = c | x) is the probability that the sample x belongs to class c;
• F(x)c is the raw score (logit) of the model for class c;
• C is the total number of classes;
• The denominator is the sum of the exponentials of the raw scores for all classes, ensuring

that the output is a valid probability distribution (i.e., all probabilities sum to 1).

In this study, Support Vector Machine (SVM) and decision tree (DT) were selected as
baseline methods for performance evaluation in multi-class classification tasks.

SVM achieves classification by finding a hyperplane that maximizes the margin be-
tween classes, and it is extended to multi-class tasks using a one-vs.-rest (OvR) strategy [51].
The radial basis function (RBF) kernel was chosen to capture the non-linear features in
the data. The model optimization goal is to minimize the trade-off between classification
error and margin, with the regularization parameter C and kernel parameter γ tuned using
cross-validation.

Decision tree [52] performs classification by recursively splitting the feature space. It
uses the Gini Index as the splitting criterion and selects the feature that best discriminates
the classes at each node. To control model complexity and avoid overfitting, parameters
such as maximum tree depth and minimum samples for a split are used. Multi-class
predictions are determined by the class distribution in the leaf nodes of the tree.

3.2.3. Evaluation Metrics

Accuracy, precision, recall, and F1 score are the primary metrics used to evaluate the
effectiveness of machine learning models. Higher precision indicates that a model has a
better ability to differentiate negative samples, while higher recall reflects that the model
has a better ability to distinguish positive samples. The specific calculation methods are
shown in the formulas below.

(1) Accuracy

Accuracy is the most intuitive evaluation metric, representing the proportion of cor-
rectly predicted samples out of the total samples. Its calculation formula is

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

where TP represents true positives (the number of positive samples correctly predicted as
positive), TN represents true negatives (the number of negative samples correctly predicted
as negative), FP represents false positives (the number of negative samples incorrectly
predicted as positive), and FN represents false negatives (the number of positive samples
incorrectly predicted as negative).

(2) Precision
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Precision measures the accuracy of the model’s positive predictions. Specifically, it
represents the proportion of samples predicted as positive that are actually positive. Its
calculation formula is

Precision =
TP

TP + FP
(6)

The higher the precision, the fewer false positives the model produces when predicting
positive samples. In practical applications, high precision means that the model’s positive
predictions are more trustworthy, which is particularly important for tasks requiring highly
accurate positive sample identification.

(3) Recall

Recall measures the model’s ability to identify positive samples. Specifically, it repre-
sents the proportion of actual positive samples that are correctly predicted as positive. Its
calculation formula is

Recall =
TP

TP + FN
(7)

The higher the recall, the fewer positive samples are missed by the model. Recall is
particularly important in tasks such as disease diagnosis or security monitoring, where
failing to identify positive samples can lead to serious consequences.

(4) F1 Score

The F1 score is the harmonic mean of precision and recall, providing a single metric
that balances both. It is especially useful in situations where there is an imbalance between
classes. The F1 score is calculated as

F1 = 2 × Precision × Recall
Precision + Recall

(8)

The F1 score ranges from 0 to 1, with higher values indicating better balance between
precision and recall. For tasks that require a balance between precision and recall, the F1
score is a very useful metric.

(5) Required Time Window Length

In eye-tracking data, model performance is not only dependent on classification metrics
but also on the chosen time window length. The time window length determines the scope
of time information that the model can capture, directly affecting the model’s computational
efficiency and real-time responsiveness. A shorter time window allows the model to respond
more quickly to dynamic operator behaviors, making it suitable for tasks requiring high
real-time performance. In contrast, a longer time window can capture longer-term temporal
dependencies, improving accuracy but increasing computational complexity.

In this study, we explore the impact of different window lengths on classification per-
formance. By adjusting the window length, the model’s accuracy, recall, and F1 score will
vary. Both excessively short and long time windows can lead to performance degradation.
Therefore, balancing the time window length with model performance is a critical aspect of
this research.

4. Experiment
4.1. Participants

In this experiment, participants were recruited through collaborations between the
laboratory and industry. After background screening, a total of 50 participants (26 females
and 24 males, including 5 usability experts) voluntarily took part in the study. All par-
ticipants possessed theoretical knowledge of automated supervisory control tasks, with
46 participants having substantial practical experience, and all 5 usability experts being
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well versed in heuristic evaluation. Participants included in the data analysis ranged
in age from 21 to 40 years (M = 27.1, SD = 2.3). All participants maintained normal or
corrected-to-normal vision during the experiment by wearing glasses or contact lenses,
with no reported color vision deficiencies.

This study received approval from the Ethics Committee of Beijing University of Posts
and Telecommunications prior to data collection. Written informed consent was obtained
from all participants, and they were compensated for their participation.

4.2. Experimental Materials

This study designed and developed a simulation system based on an Air Traffic
Control (ATC) scenario to emulate complex air traffic monitoring tasks. The system incor-
porates three typical human–machine interaction tasks along with several auxiliary tasks.
Experimental tasks were presented in a complex yet interpretable randomized sequence,
with the three primary tasks appearing at approximately equal frequencies. The specific
tasks were as follows:

Task 1: Monitoring Only (Aircraft Status Monitoring)

The airspace contained multiple dynamic aircraft (e.g., commercial airplanes, small
unmanned aerial vehicles), with their status information (e.g., altitude, speed, heading)
displayed in the left or right panels of the system interface. Participants were required to
continuously monitor these aircraft, identify whether they were likely to enter designated
airspace areas (e.g., “adverse weather zones” or “high traffic density zones”), and promptly
detect potential conflicts or anomalies to ensure the stability of airspace operations. This
task is illustrated in Figure 4.

Task 2: Responding to Intelligent Recommendations (Scheduling Priority Assessment)

Participants evaluated scheduling priorities by integrating trajectory prediction charts of
aircraft with recommendations generated by intelligent agents (e.g., “There is a 90% probability
that this aircraft will enter an adverse weather zone; it is recommended to prioritize adjusting
its route”). They then adjusted flight paths or parameters as needed to optimize airspace
resource allocation and ensure flight safety. This task is illustrated in Figure 5.

Figure 4. Interface of aircraft status monitoring task experiment. (Different shapes represent various
monitoring targets: the airplane symbolizes dynamic aircraft; red, yellow, and blue colors indicate
different scheduling priorities; green triangles represent static signal base stations; and blue circles
represent static ground radar).
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Figure 5. Interface of scheduling priority assessment task experiment. (Different shapes represent
various monitoring targets: the airplane symbolizes dynamic aircraft; red, yellow, and blue colors
indicate different scheduling priorities; green triangles represent static signal base stations; and blue
circles represent static ground radar).

Task 3: Supervising Automation (Parameter Adjustment and Anomaly Management)

When certain aircraft experience abnormal states (e.g., unstable speed, trajectory devia-
tions), the system generates anomaly alerts, including descriptions of the anomalies and the
time of occurrence. Participants collaborated with intelligent agents to quickly analyze the
causes of these anomalies, adjust flight parameters, or take other necessary actions to restore
normal aircraft operations and ensure airspace safety. This task is illustrated in Figure 6.

Additionally, several auxiliary tasks were designed, such as responding to voice prompts
and optimizing interface layouts, to enhance the operability and realism of the tasks.

Figure 6. Interface of parameter adjustment and anomaly management task experiment. (Different
shapes represent various monitoring targets: the airplane symbolizes dynamic aircraft; red, yellow,
and blue colors indicate different scheduling priorities; green triangles represent static signal base
stations; and blue circles represent static ground radar).
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4.3. Experimental Procedure

Participants assumed the role of Air Traffic Control team members in the experiment,
collaborating with intelligent agents within the system to perform real-time monitoring
of aircraft, assess scheduling priorities, and manage abnormal states in the airspace. Prior
to the start of the experiment, participants underwent comprehensive training on the task
objectives and simulation environment to ensure their understanding of the tasks and
enhance the consistency of task execution.

Pre-Experiment Practice: Participants underwent a 10-min practice session to famil-
iarize themselves with the simulation system’s interface and interaction processes. This
practice included a walkthrough of the experimental steps to ensure they understood the
objectives and to minimize individual differences that could affect the results.

Formal Experiment: Participants were reminded of the urgency and importance
of the tasks and were briefed on the system’s reliability. They were instructed to pay
close attention to each aircraft that appeared or disappeared and to seriously consider the
suggestions provided by the system agent.

Participants completed the experiment in three stages:

Stage 1:

Five usability experts and five general participants were invited to perform tasks
using the simulation system and evaluate the transparency of the interface design. Experts
observed interaction challenges encountered by the operators and used a modified version
of Nielsen’s heuristic evaluation checklist [53] to identify issues in the interface design.
Meanwhile, all participants provided feedback on the transparency information, indicating
which details were helpful for task execution and which were redundant or difficult to
interpret. A compiled list of transparency design pain points was created based on these
observations (see Appendix A).

Stage 2:

Forty participants completed three rounds of experiments, each including at least
three iterations of the three core tasks described earlier. Each experimental round lasted
approximately 30 min. After the three rounds, participants completed a Kano questionnaire
to evaluate the system’s transparency design.

Stage 3:

Twenty participants were invited for an A/B test to compare the adaptive transparency
design against a traditional transparency design. This stage assessed which design was
more effective based on differences in task performance, cognitive load, and trust. Addi-
tional evaluations included the “Human-Automation Trust Scale” [55] and the “NASA TLX
Questionnaire” [56] to measure cognitive load and trust. Task performance was evaluated
using metrics such as task recognition accuracy and reaction time.

4.4. Dataset

To comprehensively record the interactions of operators at different stages of the
tasks, this study employed three data collection methods, eye-tracking, behavior recording,
and system logs, as shown in Figure 7. Eye-tracking technology recorded visual metrics
such as gaze points and fixation durations, providing insights into operators’ attention
to transparency information. Behavior recording tracked actions such as mouse clicks
and interface scrolling, delineating interaction intervals and clarifying the scope of task
activities. Meanwhile, system logs automatically documented timestamps for key task
events (e.g., task initiation, pauses, and completion), offering critical data for identifying
task transition points.
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Figure 7. Data collection methods. (The yellow circles in the figure representing the visualization of
the operator’s gaze points).

The eye-tracking data for this experiment were collected using the Tobii Pro Fusion
eye tracker (sampling rate: 250 Hz) and Tobii Pro Lab software (version 1.241) [57], with
the screen placed 70 cm from the eye tracker. Prior to each experiment, all participants
underwent a standardized calibration procedure to ensure the validity and consistency of
the eye-tracking data during the experiment. A laptop (Dell, XPS 8950, Round Rock, TX,
USA) was used for data storage and recording. The experiment was conducted on a PC
equipped with an Intel Core i7-9700 CPU (Intel Corporation, Santa Clara, CA, USA), an
NVIDIA GeForce GTX 3070 Ti GPU (NVIDIA Corporation, Santa Clara, CA, USA) with
8 GB VRAM, and 16 GB DDR4 RAM. The simulation system was based on the Windows
10 operating system [58], with a 19-inch screen, and the experiment was conducted under
natural lighting conditions. Additionally, Bandicam software (version 7.1.0) [59] was used
for screen recording to capture and save the experiment’s process.

After excluding invalid data segments with a sampling rate below 70%, the raw data
collected included fixation-related data, saccade-related data, pupil diameter coordinates,
timestamps, and task types. Fixation-related data comprised combined fixation origin
positions, normalized fixation direction vectors, and corresponding timestamps.

To evaluate the independence of features, we examined their pairwise correlations and
calculated Variance Inflation Factors (VIFs). The analysis indicated that the correlations
among features were within acceptable thresholds, and all VIF values were below 5,
suggesting that multicollinearity or feature dependence would not significantly impact
the model’s performance. Subsequently, z-score normalization was applied to all features,
ensuring a mean of 0 and a standard deviation of 1, thereby reducing the influence of
feature scaling on model training.

The eye-tracking device’s sampling rate was 250 Hz, and we constructed ten datasets
(D1 through D10) with varying time gradients: D1 (0.5 s of eye-tracking data per sample),
D2 (1 s), D3 (1.5 s), D4 (2 s), D5 (2.5 s), D6 (3 s), D7 (3.5 s), D8 (4 s), D9 (4.5 s), and D10 (5 s).

In real-world scenarios, operators often face significant time constraints, and system
response time directly influences the performance of human–machine teams and user
experience. Therefore, beyond the accuracy of the classification model, the length of the
time window required by the model must also be considered. The primary objective is to
maximize classification performance with a minimal amount of data across multiple track-
ing experiments while allowing for an exploration of trade-offs. Successfully classifying
data from small “fragments” can reduce computational workload and eliminate the need
for large-scale experiments.
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5. Results
5.1. Heu–Kano-Based Results

Out of the 40 responses received, 38 were deemed valid for analysis after excluding
invalid or inconsistent answers. Before conducting the functionality analysis based on
the KANO model, SPSS 25.0 [60] was used to test the reliability of the questionnaire. The
Cronbach’s alpha values for the positive and negative questions were 0.812 and 0.826,
respectively, both exceeding the standard threshold of 0.7, indicating good reliability.
Additionally, the KMO value for the positive questions was 0.841, with Bartlett’s test of
sphericity showing significance at p < 0.001. For the negative questions, the KMO value
was 0.862, also with p < 0.001, suggesting that the data were suitable for factor analysis.

According to the classification rules of the Kano model, the category with the highest
frequency is considered the classification of the feature. In practical analysis, when the
frequencies of two or more categories are close (i.e., the frequency difference is less than 5%),
the classification is determined based on the feature’s potential impact on user satisfaction,
prioritizing categories that provide greater improvements to the user experience. For
instance, attractive (A) attributes take precedence over one-dimensional (O) attributes,
and one-dimensional attributes are prioritized over indifferent (I) attributes. Additionally,
the classification results are further validated by calculating the better–worse coefficients
and consulting heuristic evaluations from domain experts to ensure the classification’s
rationality and consistency.

Figure 8 illustrates the distribution of functionalities in the better–worse matrix. Quad-
rant A includes attractive attributes such as “highlighting recommended modules” and
“adding aircraft trajectory visual information”, which were highly valued by users. Their
implementation could significantly enhance user experience and elicit positive feedback.
Quadrant O contains one-dimensional attributes such as “new aircraft alerts” and “pri-
oritizing high-priority information in overlapping aircraft”. These functionalities have
a direct impact on user satisfaction, and their optimization would significantly enhance
overall satisfaction. Quadrant M includes must-have attributes such as “visualization of
operational suggestions” and “detailed presentation of trajectory graphs”. These are basic
requirements; their absence would lead to dissatisfaction, but fulfilling these needs alone
would not increase satisfaction significantly. Quadrant I represents indifferent attributes
such as “detailed presentation of map features in trajectory prediction”, which have little
impact on user satisfaction. Users are generally neutral toward these functionalities, and
their improvement or removal would have minimal effect on overall satisfaction.

The experimental results did not identify reverse (R) attributes or questionable (Q)
answers, a finding closely tied to the context of this study. In high-risk environments of
supervisory control tasks, feature design prioritizes optimizing user experience and supporting
decision-making. The functional descriptions in the questionnaire were predominantly framed
in a positive manner, making them less likely to elicit negative reactions from users. This
task-specific characteristic partially explains the absence of reverse attributes. Additionally,
the lack of questionable answers indicates a high level of consistency and rigor in participants’
responses to the questionnaire. Future research could explore alternative task scenarios,
adjusting the questionnaire’s design structure to include assessments of negative attributes,
providing a more comprehensive understanding of user needs.
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Figure 8. Kano Model Result: Four-Quadrant Distribution Map of better–worse.

5.2. Classifier Performance

Grid search combined with cross-validation was used to select optimal hyperparameter
combinations and determine the appropriate ratio between the training and testing datasets.

The number of weak learners (N), the learning rate (ϵ), and the model complexity (C)
were the most influential hyperparameters affecting the accuracy of the GBDT model.
The value of C indicates the depth of the trees in the GBDT model, with higher C values
increasing model complexity. While deeper trees allow the model to capture more intricate
patterns, they also increase the risk of overfitting. The learning rate (ϵ) serves as the
shrinkage coefficient for each CART (Classification and Regression Tree) in the model and
has a range between 0 and 1. A smaller ϵ requires more weak learners to effectively fit the
model, potentially improving accuracy but also increasing computational time.

Although the data distribution in this study is relatively balanced, real-world applica-
tions often encounter situations where datasets suffer from class imbalance, particularly
when instances of certain classes are significantly fewer than those of others. In such
cases, traditional evaluation metrics such as accuracy tend to favor the dominant class,
failing to adequately reflect the model’s ability to recognize under-represented classes. In
contrast, the F1 score, which combines precision and recall, provides a more comprehensive
assessment of model performance across all classes. It is especially valuable in scenarios
with class imbalance, offering a more balanced evaluation of the model’s performance. In
this study, we evaluated the F1 score performance of GBDT, DT, and SVM models under
varying time window lengths. As shown in Figure 9, the performance trends differed
among the models as the window length increased.
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Figure 9. Model performance (F1 scores) across different window lengths.

For the GBDT model, the F1 score reached its peak at 0.977 with a window length
of 6 (D6). Beyond this point, performance gains plateaued, with no significant improve-
ment observed as the window length increased further. The optimal hyperparameter
configuration in our experiment was as follows: max depth (max-depth) = 5, learning
rate (learning-rate) = 0.01, maximum number of weak learners (n-estimators) = 100, and a
training-to-testing dataset ratio of 4:1. These results indicate that the GBDT model effec-
tively captures task features at a window length of 6, and increasing the window length
further offers limited performance benefits.

For the DT model, the F1 score was 0.921 at a window length of 5 (D5) and increased
to 0.935 at D7, marking the model’s best performance. However, as the window length
continued to grow, the DT model began to exhibit overfitting, leading to a slight decline
in the F1 score. The optimal hyperparameter configuration in our experiment was as
follows: learning rate (learning-rate) = 0.05 and maximum number of weak learners (n-
estimators) = 100. This suggests that the DT model is sensitive to increasing data volume,
with longer windows leading to excessive model complexity tend to overfitting.

For the SVM model, the F1 score reached its maximum of 0.934 at a window length
of 10 (D10). Although SVM demonstrated slower convergence, its performance steadily
improved with longer time windows. The optimal hyperparameter configuration in our
experiment was as follows: kernel type = “linear” penalty coefficient (C) = 1.0, and tolerance
for stopping criteria (tol) = 0.001.

5.3. Feature Importance of Eye-Tracking Metrics

Figure 10 presents the feature importance ranking in the classification task, visu-
ally reflecting each feature’s contribution to model performance through weight val-
ues. The results indicate that fixation-related features hold the highest importance in
the model, particularly the average fixation duration (fix_dura_avg) and total fixation
duration (fix_dura_total), with weights of 0.20 and 0.18, respectively. This highlights that
user fixation behavior, especially the length of fixation time, is a decisive factor in task
classification. Additionally, the weight of the first fixation duration (first_fix_dura) is
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0.15, further emphasizing the significant impact of users’ initial fixation behavior on the
classification results.

Figure 10. Feature importance in classification tasks.

Saccade-related features follow in importance, ranking below fixation features. Among
them, the average saccade velocity (sac_vel_avg) and the standard deviation of saccade
velocity (sac_vel_sd) have weights of 0.12 and 0.10, respectively, indicating that saccade
velocity is not only a significant feature but that its stability or variability also influences task
classification. Meanwhile, the saccade count (sac_count) has a weight of 0.08, demonstrating
its auxiliary role in classifying tasks based on users’ saccade frequency.

In contrast, saccade amplitude-related features, such as average amplitude (sac_amp_avg)
and maximum amplitude (sac_amp_max), exhibit lower importance, with weights of only
0.05 and 0.04. This indicates their limited role in the classification task. Furthermore, the
average pupil diameter (fix_pupil_dia_avg) has a minimal weight of 0.01, suggesting that
its impact on classification outcomes is relatively weak and that it may not be a critical
feature in the current task context.

Overall, fixation features contribute the most to the classification task, especially
metrics related to fixation duration, followed by saccade velocity features. In comparison,
saccade amplitude and pupil diameter features have relatively lower importance. These
findings underscore that fixation behavior and saccade velocity are the most noteworthy
feature categories in task classification models, providing clear direction for optimizing
future task identification efforts.

5.4. Results of A/B Testing

A/B testing (also known as split testing or controlled experiments) is a commonly used
experimental design method for optimization and decision analysis. This study evaluates
the differences in task performance, trust, and cognitive load between adaptive interface
design and traditional transparency interface design. Task performance was measured
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by accuracy and response time, trust was assessed using the “Human-Automation Trust
Questionnaire”, and cognitive load was evaluated with the “NASA-TLX Cognitive Load
Questionnaire” and the “Transparency Information Evaluation Questionnaire”.

As shown in Table 1, the results of statistical significance testing indicate that the adaptive
design exhibits an advantage in task performance, with an average score of 86.4 (SD = 5.2),
which is significantly higher than the 78.3 (SD = 6.1) achieved by the traditional design. An
independent samples t-test confirmed that the difference was statistically significant (t = 3.87,
p < 0.001). Regarding trust, the adaptive design scored 87.5 (SD = 4.8), higher than the
82.8 (SD = 5.4) of the traditional design, with a significant difference (t = 2.94, p = 0.005).
This suggests that the adaptive design significantly enhances users’ trust in the system by
providing timely, user-relevant information. For cognitive load, the adaptive design scored
57.3 (SD = 7.2), lower than the 67.9 (SD = 8.1) of the traditional design, and the difference was
also significant (t = −4.12, p < 0.001). This indicates that the adaptive interface effectively
reduces cognitive stress during task execution.

To further evaluate the practical significance of the results, Cohen’s d was used to
calculate effect sizes. The results show medium-to-large effect sizes for task performance
(d = 0.85), trust (d = 0.70), and cognitive load (d = 0.90).

In summary, the A/B testing results demonstrate that adaptive interface design sig-
nificantly improves task performance and user trust while reducing cognitive load by
dynamically presenting task-relevant information based on users’ interaction behaviors.
These findings provide robust empirical support for the value of adaptive interface design
in practical applications.

Table 1. Results of A/B testing.

Metric Adaptive Design (Mean ± SD) Traditional Design (Mean ± SD) t Value p Value

Task Performance 86.4 ± 5.2 78.3 ± 6.1 3.87 0.001
Confidence Level 87.5 ± 4.8 82.8 ± 5.4 2.94 0.005
Cognitive Load 57.3 ± 7.2 67.9 ± 8.1 −4.12 <0.001

6. Discussion
6.1. Trade-Offs in Time Window Selection

This study employed time windows of varying lengths (ranging from 0.5 to 5 s, in
0.5 s increments) to simulate multi-scale eye-tracking data. The results indicate that a 3 s
window (D6) performed best in task classification. This time length balances short-term
variability and long-term dependencies within the experimental scope while minimizing
noise introduction. Shorter windows (e.g., 0.5 s) can capture fine-grained momentary
changes but may miss critical patterns due to insufficient data. Conversely, longer windows
(e.g., 5 s) provide rich temporal information but risk diluting task-relevant signals with
redundant features and increasing computational complexity.

We hypothesize that this outcome is related to the characteristics of the GBDT model,
which incrementally processes non-sequential statistical features. A 3 s window enables
the model to effectively capture task-related behavioral variations while avoiding the
overfitting risks associated with longer windows in the study’s experimental context.
While our findings provide empirical support for time window selection, further validation
is required across different task scenarios. Additionally, future research could explore real-
time dynamic adjustment of time window lengths, such as using shorter windows during
highly dynamic task phases to enhance responsiveness and longer windows during stable
phases to improve classification accuracy and decision support. This dynamic adjustment
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strategy has the potential to increase system adaptability while optimizing computational
costs and improving classification performance.

6.2. Classifier Performance and Eye-Tracking Metrics

In selecting classifiers, this study considered factors such as model complexity, compu-
tational efficiency, robustness, and dataset size, ultimately evaluating the performance of
GBDT, SVM, and DT models. The experimental results demonstrate that under the study’s
conditions, GBDT excelled in both classification performance and interpretability. Its fea-
ture importance ranking validated the potential significance of features such as fixation
duration and saccade velocity in task recognition.

Specifically, the average and total fixation durations (fix_dura_avg and fix_dura_total)
had the highest feature importance (0.20 and 0.18, respectively), aligning with Yarbus’
findings [44], which emphasize the close relationship between attention allocation and task
complexity. Additionally, the importance of the first fixation duration (0.15) highlights
the role of initial user attention in task classification. Saccade-related features, such as
average velocity and velocity standard deviation, ranked second, reflecting users’ attention-
switching patterns in dynamic tasks. In contrast, features such as saccade amplitude
and pupil diameter were less important, potentially reflecting individual differences or
environmental factors.

For the SVM model, its performance improved with longer time windows, possibly
due to the linear kernel’s ability to capture patterns in high-dimensional feature spaces.
However, the DT model exhibited overfitting as the time window increased, likely due
to high tree complexity and the limited sample size. Future studies could address this by
incorporating regularization strategies (e.g., limiting tree depth) and external validation
datasets to optimize performance.

6.3. Role of Adaptive Design

Adaptive transparency design dynamically provides relevant information based on
users’ current task phases and interaction behaviors, effectively reducing cognitive load
while enhancing trust in the system. This mechanism improves task efficiency by dynami-
cally optimizing information relevance and timeliness. Our findings align with Endsley’s
situation awareness theory [14], which underscores the importance of providing appro-
priate information in high-risk tasks. Furthermore, the high predictive value of fixation
duration and first fixation duration indicates that visual attention distribution not only
influences users’ acceptance of system information but also enhances trust in the interface,
thereby improving task performance. Future research could further explore the applica-
bility of adaptive design across diverse task environments, particularly the potential for
dynamically adjusting transparency information.

6.4. Limitations and Future Directions

This study has the following limitations that warrant further investigation:
Sample Diversity: The participant sample (n = 50) primarily comprised individuals

from academic and industrial backgrounds, which may not fully represent behavioral
characteristics across different user groups. This limitation could affect the generalizability
of the findings. Future studies should expand sample sizes and include participants from
more diverse backgrounds to enhance result applicability.

Risk of Classifier Overfitting: Due to potential feature redundancy, classifiers may
exhibit overfitting on small datasets. Future research could optimize model performance
through feature selection, regularization, or dimensionality reduction techniques.



Electronics 2025, 14, 420 22 of 27

Application Scope: The framework was primarily validated within supervisory control
tasks. Future studies should explore its application to other domains, such as medical
monitoring or financial analysis, to examine its cross-domain applicability.

Dynamic Window Strategy: This study employed fixed time windows. Future research
could explore dynamically adjusting time windows based on task state monitoring, which
may further optimize classification performance and system efficiency.

7. Conclusions
This study introduces a user-centered adaptive transparency design framework, which

integrates the Heu–Kano method with an eye-tracking-based task-type recognition model.
The framework dynamically adjusts transparency information based on operator needs and
task types, ensuring the accurate delivery of critical information at key moments. Validation
within situational supervisory control tasks demonstrates that the framework significantly
improves task performance and user trust while effectively reducing cognitive load. These
findings provide robust theoretical and practical support for optimizing human–machine
collaboration in dynamic task environments.

The Heu–Kano method, as a hybrid tool combining qualitative and quantitative analy-
sis, is systematically applied for the first time to prioritize transparency requirements. This
approach offers a scientific basis for dynamic interface design and serves as a methodologi-
cal reference for other human-centered systems, such as educational resource allocation and
medical assistance systems. The method demonstrates innovative potential in addressing
diverse user needs.

Furthermore, the study highlights the application potential of eye-tracking technology
in task-type recognition. By analyzing critical features such as fixation duration and saccade
velocity, the findings reveal a strong correlation between visual behaviors and task phases.
This dynamic task recognition capability, grounded in temporal data analysis, supports the
real-time adaptation of transparency information and offers valuable technical guidance for
other highly dynamic scenarios, including autonomous driving and virtual reality interactions.

Although the study’s sample size and application scenarios are limited, the results lay
the foundation for further expansion and refinement of the framework. Future research
should aim to validate the framework’s generalizability by incorporating diverse user samples
and task types, exploring dynamic time window strategies, and developing broader task
adaptation mechanisms to provide more comprehensive support for transparency design.
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Appendix A. Indicator Checklist
This study presents a comprehensive checklist of indicators for supervisory control

tasks, comprising a total of 18 items categorized into three dimensions: uncertainty regarding
system operation status (perception), concerns related to the lack of visibility in task progress
(understanding), and confusion stemming from unclear system intentions (prediction).

Dimensions 1: Uncertainty regarding system operation status (perception).

1. Based on the principle of usability, the airspace areas should include visual informa-
tion on aircraft trajectories to reduce the monitoring costs for operators.

2. Based on the principles of minimalist design and visibility, the system should adopt
different visibility strategies for various categories of goals, prioritizing the informa-
tion of critical aircraft.

3. Based on the principles of visibility and error prevention, when multiple aircraft
exhibit overlapping risks in the airspace areas, the system should highlight critical
aircraft and their signboard information to reduce the probability of monitoring errors.

4. Based on the principle of flexibility, the system should provide controls for signboard
information visibility and aircraft information presentation according to different user
preferences, accommodating various user task execution habits.

5. Based on the principles of usability and proximity, a more relevant design should
be adopted for operational suggestions and their corresponding modules, such as
highlighting the relevant module when operational suggestions are clicked, thus
reducing the cost of information comparison.

Dimensions 2: Concerns related to the lack of visibility in task progress (understanding).

1. Based on the principle of recognition rather than recall, the system should provide
effective pop-up feedback prompts for newly introduced aircraft in the airspace areas,
rather than relying on the operator’s memory.

2. Based on the principle of system state visibility, the system should intuitively display
information on monitoring processing progress and task advancement, helping users
understand the current phase they are in.

3. Based on the principle of consistency, the image details of the trajectory prediction
visualization chart should be exactly the same as the details of the airspace, which
would reduce the cost of understanding for the operators.

4. Based on the principle of usability, the trajectory visualization chart should clearly
indicate orientation and airspace area information to reduce the identification and
comprehension costs for operators.

5. Based on the principle of recognizability, highlighted cues should be added around
aircraft whose scheduling priority is undetermined, improving the distinguishability
of pending information to prevent user confusion.

6. Based on the principles of visibility and feedback, when operators implement sugges-
tions from agents, the system should provide real-time feedback, helping operators
comprehend the effects of each operational step and make gradual adjustments until
the task is complete.

Dimensions 3: Confusion stemming from unclear system intentions (prediction).

1. Based on the principle of system state visibility, when critical aircraft approach desig-
nated airspace areas, the system should provide a toast notification to alert operators
and ensure timely monitoring.

2. Based on the principle of context relevance, the system should offer an intuitive expla-
nation of the frequency of aircraft information updates to help operators understand
whether there is a risk of overlooking aircraft.
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3. Based on the principles of minimalist design and visibility, suggested information
from agents should be more prominently displayed, potentially using visual charts to
convey information intuitively.

4. Based on the principle of matching user expectations, necessary explanations re-
garding parameter adjustment and anomaly management suggestions’ transparency
should be provided to aid user understanding.

5. Based on the principle of context relevance, anomaly management information should
provide clearer contextual explanations to assist operators in intuitively understand-
ing system failures and their causes.

6. Based on the principles of information distinguishability and comprehensibility, the
textual information related to current agent suggestions, which may be excessive,
should be moderately refined or enhanced through visual means to improve informa-
tion discernibility and facilitate quick understanding of agent suggestions.

7. Based on the principle of context relevance, the system should supplement each control
module with necessary functional explanations that relate to the airspace areas, assisting
operators in understanding the module functions and their operational scope.

Appendix B. Kano Questionnaire Description
In this study, a 36-question Kano test was conducted to evaluate 18 functional points.

A sample of the questionnaire items designed and utilized is presented in Table A1:

Table A1. A sample of the Functional Points Questionnaire.

Functional Points: Add visual information of aircraft trajectories within the situational picture.

Very
Satisfied Satisfied Neutral Dissatisfied Very

Dissatisfied

How would you feel if this feature was available?

How would you feel if this feature was not available?

The specific functional points include the following 18 items:

1. Add visual information of aircraft trajectories within the airspace areas.
2. Provide an alert bar on the side of the system for new aircraft in the status map.
3. Display monitoring processing progress and task progress information at the top of

the status graph.
4. Adopt different labeling strategies for various categories of aircraft, prioritizing the

highlighting of aircraft information.
5. Provide toast alerts when crucial aircraft are approaching the designated airspace areas.
6. Prioritize the presentation of crucial aircraft and their signage information when there

are overlapping risks among multiple aircraft in the airspace areas.
7. The system provides an intuitive explanation of the update frequency of aircraft information.
8. The visual chart of track predictions should illustrate local details of the airspace area

map, such as terrain and rivers.
9. The track prediction visualization chart should be clearly marked with bearing and

designated airspace area information.
10. Provide controls for the display and concealment of signage information and the

presentation of aircraft information according to different user preferences.
11. Use visual charts instead of text to present agent suggestions.
12. Add highlighting alerts around aircraft whose scheduling priority is undetermined.
13. Provide detailed descriptions of parameter adjustment and anomaly

management suggestions.
14. Offer real-time status feedback when the operator executes an agent suggestion.
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15. Highlight the corresponding operational module when an operation suggestion
is clicked.

16. Provide clear contextual information for anomaly management suggestions.
17. Present operational recommendations visually.
18. Create a visual association of control modules with the airspace areas.
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