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Abstract: Air traffic control (ATC) is a complex and demanding job reserved for highly-trained
professionals. Training ATC candidates is challenging as trainees are subjectively assessed by
instructors who are biased by their own ways of working. As an effort to determine control
expertise objectively, this study employed clustering techniques on an existing data set in which
course and professional controllers participated in a medium-fidelity simulation experiment.
Results identified a set of eight measures that formed two distinct and stable expertise clusters.
A subsequent sensitivity analysis was able to reveal how far (or close) each course participant
was positioned from the expert cluster and on which measures those participants deviated from
the experts. At this stage, however, it is difficult to translate these results into specific advice on
how to improve underdeveloped skills. Despite the small sample size and limited generalizability
of the results in this exploratory study, the method appears to be a promising demonstration
in determining objective factors that describe ATC expertise, warranting further research.

Keywords: Decision making and cognitive processes, Human centred automation, Shared
control, cooperation and degree of automation

1. INTRODUCTION

Air traffic control (ATC) is a complex and demanding
job reserved for highly-trained professionals who need to
process large amounts of dynamically changing informa-
tion while maintaining a good balance between safety and
efficiency (Schuver-van Blanken et al. (2010); Oprins et al.
(2006)). Not surprisingly, training ATC candidates is chal-
lenging and this community is currently facing relatively
high drop-out rates in the three to four years of training
due to insufficient expertise (Schuver-van Blanken et al.
(2010)). This is undesirable, because it drives the cost
of training and it could eventually lead a shortage of
controllers (Federal Aviation Administration (2013)).

A contributing factor in reduced training efficiency is
that a trainee’s expertise level is mainly established by
subjective assessments done by ATC instructors who are
biased by their own ways of working (Federal Aviation
Administration (2013)). Additionally, these assessments
are performed during high-fidelity simulator sessions at a
relatively late stage in training. Ideally, objective assess-
ments should be done earlier and more frequently during
training. This would enable the assessor (and the trainee)
to get more insight into the developed skills over time
(e.g., learning curves) and subsequently provide trainees
with specific guidance toward areas of improvement (see
Figure 1).

In this paper a first step is made in this direction by
devising a method that seeks a set of objective mea-
sures that would help to establish the expertise level of
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Fig. 1. Possible hypothetical learning curves, where trainee
A is most promising in acquiring sufficient control
expertise within the training time.

a trainee. To find such a set, clustering analysis (i.e.,
a branch of machine learning) is applied on an existing
data set recorded in medium-fidelity ATC simulator ses-
sions in which university staff, who completed a five-day
ATC course, and retired ATC professionals participated.
Note that the application of machine learning techniques
to determine expertise levels have already been success-
fully performed in other fields, such as surgery (Watson
(2014)). However, no prior research has been conducted
in objectively establishing the expertise level of air traffic
controllers (ATCos).

2. AIR TRAFFIC CONTROL PROFICIENCY

The main job of controllers is to ensure a safe, orderly
and expeditious flow of air traffic in their sector (Oprins
et al. (2006)). The expertise level required for this job
is determined by a set of related competences. After
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conducting a literature survey, it can be concluded that
expert controllers:

• have a set of ‘best practices’ in solving conflicts
(Fothergill and Neal (2008); Kallus et al. (1999))

• are consistent in the type of instructions (Kallus et al.
(1999))

• adopt safety buffers to account for uncertainty
(D’Arcy and Della Rocco (2001))

• minimize sector disruptions (Kirwan and Flynn (2001);
Oprins et al. (2006))

• create expeditious traffic flows (D’Arcy and Della Rocco
(2001))

• create solution spaces (Schuver-van Blanken et al.
(2010))

• show less variability in procedures (Schuver-van
Blanken et al. (2010))

• have efficient visual scanning patterns (van Meeuwen
et al. (2014))

Additionally, anecdotal evidence from interviews with
ATC professionals indicated that experts are proactive in
handling traffic. That is, ATCos tend to organize traffic
upon sector entry in patterns that prevent conflicts from
emerging.

Based on these metrics, objective measures can be devised
to determine control expertise. For example, experts tend
to vector slow aircraft behind the faster aircraft in solv-
ing conflicts. The adoption of safety buffers can be mea-
sured by the separation distances between aircraft from
radar data. Sector disruptions and expeditious traffic flows
can be measured by route deviations (causing additional
flown track miles) and sector outflow, respectively. A way
to measure solution spaces could be operationalized by
measuring the available opportunities in speed, heading
and altitude to solve conflicts. Further, deviation and/or
compliance with sector rules (e.g., the exit speed and/or
altitude of aircraft leaving the sector) as well gaze pat-
terns on sector areas of interest, measured by eye-tracking
equipment, could indicate expertise.

It is clear that many possibilities in measures exist that
could signal expertise. However, it is not clear which set of
measures would articulate control expertise best. To find
answers, clustering analysis on radar and instruction data
can shed light on this matter.

3. DATA DESCRIPTION

3.1 Participants

The radar and instruction data used in this research
consists of data from four different air traffic scenarios
solved by ten different controllers, recorded in previous
research (Somers et al. (2019)). Four participants were
retired controllers (representing the Professional group)
and six participants, all Delft university staff, completed a
multiple-day ATC course (representing the Course group).
The experience of the professional group ranged from 33 to
35 years of experience. Two of them were Area Controllers
(ACC) and two were Approach Controllers (APP).
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Fig. 2. Overview of the simulator screen showing the sector
layout, waypoints, standard routes and one aircraft
visible in the middle (Adapted from Somers et al.
(2019))

EFL

HDG

SPD

SVE

7

DCT

TOC

PZN

8 9

4 5 6

1 2 3

0

CLR

PRV

EXQ

RA4743:EFL70:DCT

Clear

Preview

Execute

Executive Flight Level

Heading

Speed

Speed Vector On/Off

Direct

Transfer of Control

Protected Zone On/Off

Selected Aircraft and Commands

Fig. 3. The command window participants had to use
to control the aircraft (Adapted from Somers et al.
(2019))

3.2 Simulation environment

A simplified, medium-fidelity desktop ATC simulator, de-
veloped by Delft University of Technology, was used which
showed a sector comparable to the Amsterdam South
Sector in the Netherlands (Figure 2). The participants
could control the traffic using a separate control window,
which could be operated by using a mouse or a touch-
screen (Figure 3). The traffic was controlled by clicking
on the aircraft blips (or clicking on the flight label) and
then providing a clearance using the command window.
Aircraft could be controlled by altitude (EFL), heading
(HDG), and/or speed (SPD) commands. Another way to
control the flight direction was by giving aircraft “direct-
to” (DCT) clearances toward their designated exit way-
points. Aircraft could also be transferred to the adjacent
sector by a transfer-of-control (TOC) instruction.

A predicted loss of separation occurring within 120 seconds
was made visible by changing the aircraft color to orange.
A predicted loss of separation within 60 seconds changed
the aircraft color to red. All aircraft had the same 5 NM
protected zone. Furthermore, an option was present to
turn the protected zone circle (PZN) and the speed trend
vector (SVE) on/off to aid the participants separate the
traffic. However, this was not logged in the data.
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3.2 Simulation environment

A simplified, medium-fidelity desktop ATC simulator, de-
veloped by Delft University of Technology, was used which
showed a sector comparable to the Amsterdam South
Sector in the Netherlands (Figure 2). The participants
could control the traffic using a separate control window,
which could be operated by using a mouse or a touch-
screen (Figure 3). The traffic was controlled by clicking
on the aircraft blips (or clicking on the flight label) and
then providing a clearance using the command window.
Aircraft could be controlled by altitude (EFL), heading
(HDG), and/or speed (SPD) commands. Another way to
control the flight direction was by giving aircraft “direct-
to” (DCT) clearances toward their designated exit way-
points. Aircraft could also be transferred to the adjacent
sector by a transfer-of-control (TOC) instruction.

A predicted loss of separation occurring within 120 seconds
was made visible by changing the aircraft color to orange.
A predicted loss of separation within 60 seconds changed
the aircraft color to red. All aircraft had the same 5 NM
protected zone. Furthermore, an option was present to
turn the protected zone circle (PZN) and the speed trend
vector (SVE) on/off to aid the participants separate the
traffic. However, this was not logged in the data.

A few simplifications were made compared to a high-
fidelity ATC simulator. First, interaction with aircraft was
done by a computer mouse and thus no voice R/T was
simulated. Second, aircraft entering the sector did not
follow the sector routes, but needed to be vectored toward
their exit waypoints. Third, clearances given through the
command interface were always executed by the aircraft
immediately (i.e., no pilot delay). Fourth, there were only
three aircraft categories, which were shown in the aircraft
label: light, medium or heavy. Fifth, aircraft motion was
simulated by kinematic equations and flight performances
(e.g., climb and descent rates, min/max speeds, accelera-
tion, turn rates, etc.) were modeled by look-up tables.

3.3 Task and scenarios

The task of the controllers was to separate traffic and hand
them over to the adjacent sectors at certain predefined
flight levels (see Somers et al. (2019)). Before the aircraft
left the sector a ‘transfer of control’ (TOC) had to be
instructed.

Each participant solved four different scenarios. The dif-
ferences between the scenarios was mainly characterized
by the number of aircraft and the traffic mix entering the
sector along the routes. Each scenario had a duration of
20 minutes.

3.4 Data set and limitations

Due to simulator limitations, not all indicators of expertise
were directly measured and/or available. For example,
voice R/T was replaced by the command window inputs.
No eye-tracking equipment was used in the experiment, re-
sulting in no data about visual scanning patterns. The ob-
tained data consist of two files per controller per scenario.
One file contains the given clearances to the aircraft using
the command window, including a timestamp in seconds.
The other file contains the radar data of the aircraft in the
scenario. This file includes, per logpoint, among others, the
aircraft position, (cleared) flight level, (cleared) heading
and (cleared) speed. Based on this information, expertise
measures such as safety buffers, added track miles, solution
space areas needed to be reconstructed. A logpoint was
recorded every 3 seconds during the experiment. With 10
participants, this resulted in 40 radar and 40 clearance
files.

4. METHODOLOGY

A graphical overview of the data analysis methodology to
elicit the best subset of expertise measures is provided in
Figure 4. In a nutshell, the Feature Selection Wrapper does
the bulk of the work. There, a genetic algorithm selects the
set of measures that maximizes a fitness function based on
clustering results. Given that two expertise groups (i.e.,
professional and course participants) exist in the data,
the set of measures that result in two distinct and robust
clusters will indicate the candidate measures that would
articulate expertise best.

4.1 Measures

A total of 59 measures are used in which a set of measures
can be extracted by the genetic algorithm (Table 1). These

ATCo competences,
ATC structural elements Metrics Measures

(features set)

Genetic algorithm

Hierarchical
agglomerative clustering

fitness
evaluation

measure
subset

Best subset of
measures

Theoretical motivation

Feature selection wrapper

Dataset

Sensitivity
analysis

Fig. 4. Flow diagram of the measure selection process

Table 1. Measures corresponding to ATCo expertise

Clearances Measures

1 Consistency Number of DCT, EFL, HDG
and SPD commands [-]

2 Workload Total number of commands;
Number of level changes per
aircraft [-]

Safety Measures

3 Safety buffers Relative distance between
aircraft [nm]

4 Availability of solution space Mean occupied solution
space area at each given
clearance [-]; Total occupied
solution space area of every
aircraft in the sector [-]

Efficiency Measures

5 Maximize efficiency Time spent in sector [s];
Additional track miles [nm];
Number of aircraft reaching
their waypoint [-].

6 Moment of traffic handling Track penalty when using
EFL, HDG, DCT or SPD
commands [nm2].

7 Expeditious traffic flows Outflow of traffic in the sec-
tor [s−1]

Procedural compliance Measures

8 Variability in procedures Altitude of aircraft leaving
the sector [ft]

59 measures are gathered per ATCo per scenario. The
majority of the 59 measures are of central tendency (like
the mean) or of variability (like the standard deviation,
maximum and minimum values). Also, ratios, summations
and mean squared errors (MSE) are used. These measures
aim to summarize the generated data of each individual
ATCo. The majority of measures speak for themselves,
but the track penalty and solution space areas requires
more explanation.

Considering that ATCos are proactive, it is expected that
more experienced ATCos will give all level, heading or
speed changes far before the aircraft leaves the sector.
A possible way to represent this metric is by summing
the squared track miles when a level, heading or speed
command is given is used for each aircraft (see Equation 1).
Figure 5 shows an example of this track penalty when using
heading clearances for a single aircraft. For each aircraft,
and each clearance type, the sum of the squared track miles
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(a) ATCo A issues one heading change and introduces a track
penalty of 302 = 900 NM2
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(b) ATCo B issues two heading changes and introduces a track
penalty of 242 + (24 + 17)2 = 2257 NM2

Fig. 5. ATCo A handles the aircraft far before the aircraft
leaves the sector compared to ATCo B. This is repre-
sented by a lower track penalty for ATCo A compared
to ATCo B

can be obtained. These sums are taken together to get a
single sum of squared track miles for each command type.
This results in a track penalty when using level, heading or
speed commands. The ratio between these track penalties
and the sum of these track penalties are used as measures,
resulting in 4 measures.

Trackpenalty:
∑

squared track miles
at command

= a2 + b2 + ... (1)

a Track miles of aircraft at first command
b Track miles of aircraft at second command

According to the findings of Schuver-van Blanken et al.
(2010), ATCos create solution spaces or use the solution
space that is already available. To assess this metric, the
occupied Solution Space area was used (Somers et al.
(2019)), where it is expected that experienced controllers
create solution spaces and therefore minimize the occupied
solution area (or, maximize the available solution area).
The occupied area is represented by a ratio of the total
available area with a value between 0 and 1. The total
area is the total annular area bounded by Vmin and Vmax

as shown in Figure 6. The mean occupied SSD area of every
aircraft in the sector at each given command could be used
to see to what extend the solution space changes between
commands. The mean, standard deviation and the ratio

Vmin

Vmax

protected 
zone

RPZ

A

B

VA

VB

VB

conict 
zone

Fig. 6. The Solution Space Diagram (SSD), where the
triangular conflict zone (i.e., velocity obstacle) caused
by aircraft B reduces the available solution area (i.e.,
conflict-free heading and speed options between Vmin

and Vmax) of aircraft A.

between an increase or a decrease in solution space are
used as measures.

4.2 Feature Selection

The feature selection wrapper selects from the measures a
subset of measures that lead to the most distinct clusters
describing the different ATCo expertise groups. First,
an initial subset from the measures is constructed. The
wrapper loop then evaluates the performance of the formed
clusters. This performance is used as a fitness criterion for
the genetic algorithm. Based on the fitness evaluation, the
genetic algorithm creates a new subset of measures which
is, again, used as an input for the clustering algorithm
to determine the performance of this subset. The genetic
algorithm creates new subsets based on the current best
performing subset and when the new subset is better
than the current best-performing subset, the new subset
becomes the best performing subset. After a stop criterion
has been reached, the output of the wrapper will be the
best performing subset of measures.

Since the number of samples (ATCos and scenarios) is
small, it is desired to directly get information about the
relationship between the samples. Therefore, hierarchical
clustering was used which organizes the data in a hierar-
chical structure according to a normalized distance matrix.
It is also desired to create clusters containing ATCos with
similar experience levels and that the ATCos within each
cluster are close to each other. Therefore, the total within-
cluster sum of squares should be minimized, which is
something Ward’s method aims to achieve. Finally, the
Euclidean distance measure wasused in Ward’s method.

5. RESULTS

5.1 Identified measures and clusters

A set of eight measures were found that best describe
the expertise level of the ATCos in the data, see Table 2.
Clustering results of the complete set (training and test)
using the eight measures from Table 2 can be summarized
graphically in a dendrogram with heatmap (Figure 7).
From the dendrogram, it can be seen that two clusters
are formed: one cluster with only pro ATCos (the pro-
cluster) and one cluster with mainly course ATCos (the
course-cluster). While the accuracy of the pro-cluster is
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(2019)), where it is expected that experienced controllers
create solution spaces and therefore minimize the occupied
solution area (or, maximize the available solution area).
The occupied area is represented by a ratio of the total
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between an increase or a decrease in solution space are
used as measures.

4.2 Feature Selection

The feature selection wrapper selects from the measures a
subset of measures that lead to the most distinct clusters
describing the different ATCo expertise groups. First,
an initial subset from the measures is constructed. The
wrapper loop then evaluates the performance of the formed
clusters. This performance is used as a fitness criterion for
the genetic algorithm. Based on the fitness evaluation, the
genetic algorithm creates a new subset of measures which
is, again, used as an input for the clustering algorithm
to determine the performance of this subset. The genetic
algorithm creates new subsets based on the current best
performing subset and when the new subset is better
than the current best-performing subset, the new subset
becomes the best performing subset. After a stop criterion
has been reached, the output of the wrapper will be the
best performing subset of measures.

Since the number of samples (ATCos and scenarios) is
small, it is desired to directly get information about the
relationship between the samples. Therefore, hierarchical
clustering was used which organizes the data in a hierar-
chical structure according to a normalized distance matrix.
It is also desired to create clusters containing ATCos with
similar experience levels and that the ATCos within each
cluster are close to each other. Therefore, the total within-
cluster sum of squares should be minimized, which is
something Ward’s method aims to achieve. Finally, the
Euclidean distance measure wasused in Ward’s method.

5. RESULTS

5.1 Identified measures and clusters

A set of eight measures were found that best describe
the expertise level of the ATCos in the data, see Table 2.
Clustering results of the complete set (training and test)
using the eight measures from Table 2 can be summarized
graphically in a dendrogram with heatmap (Figure 7).
From the dendrogram, it can be seen that two clusters
are formed: one cluster with only pro ATCos (the pro-
cluster) and one cluster with mainly course ATCos (the
course-cluster). While the accuracy of the pro-cluster is

Table 2. Measure set identified by the feature selection
wrapper

M1 Ratio between the number of given DCT commands and
the total number of given DCT, HDG, EFL and SPD
commands

M2 Ratio between the number of given EFL commands and
the total number of given DCT, HDG, EFL and SPD
commands

M3 Ratio between the number of given HDG commands and
the total number of given DCT, HDG, EFL and SPD
commands

M4 Ratio between the total sum of squared track miles when a
level command is given and the total sum of squared track
miles when a level, heading or speed command is given

M5 Ratio between the total sum of squared track miles when
a heading command is given and the total sum of squared
track miles when a level, heading or speed command is
given

M6 The aircraft with the highest flight level of all aircraft
flying to waypoint MIFA

M7 The mean over all logpoints of the average time to closest
point of separation per logpoint

M8 The maximum over all logpoints of the average time to loss
of separation per logpoint

P4 P4 P4 P3 P3 P1 P3 P2 P1 P2 P2 P3 P2 P1 P4 C
5

C
6

C
5

C
6

C
5

C
6

C
1

C
5

C
1

C
1

C
6

C
4

C
4

C
4 P1 C
4

C
1

C
2

C
2

C
2

C
2

C
3

C
3

C
3

C
3

M1

M5

M6

M3

M7

M8

M4

M2

0 2 4

Fig. 7. Heatmap and dendrogram containing the clustering
results and individual measure results

perfect, the course-cluster is not 100% accurate due to
the presence of a single pro-ATCo. Further, each row
in the heatmap corresponds to the scaled value of the
corresponding measure for each ATCo and each scenario.
The dashed line in each row corresponds to the average
value of the course-cluster. The color is red when the
measure is below course-cluster average and blue when
the measure is above it. The black continuous line in
each measure row shows the size of the standardized value
relative to the other ATCos and scenarios in the same
measure row.

In general, it is expected that the resulting measures of
the ATCos in the course cluster will be close to the dashed
line. This can indeed be observed in the heatmap for all
measures in the course-cluster. Furthermore, it is expected
that the ATCos in the pro-cluster will differ uniformly
from the dashed line. This can also clearly be observed

Table 3. Sum of squared distances between the ATCos and
the course- and the pro-cluster centroids.

C1 C2 C3 C4 C5 C6 P1 P2 P3 P4

Pro 84,0 77,0 117,2 34,6 56,3 45,7 9,4 15,0 10,7 36,4

Course 15,3 19,2 49,3 11,6 12,7 11,5 50,5 40,0 67,6 92,1

in measures M2, M4, M5 and M1. For the other measures,
however, this is not the case.

By observing the dendogram and corresponding heatmap,
many interesting observations can be made. First, the
professional group gives far less DCT clearances (M1)
and have a low track penalty from HDG clearances (M4)
compared to the course group. Second, the professional
group also has a higher EFL clearance ratio (M2) and
have a higher EFL track penalty (M4) relative to the
course group. Especially the higher EFL track penalty was
contrary to what was expected, because experts are usually
proactive, which should thus result in early altitude clear-
ances, resulting in a low track penalty. One contributing
factor to this result is the usage of less DCT and HDG
clearances (relative to EFL commands) for the professional
group. The expert ATCos were mainly driven by minimiz-
ing their workload and therefore accepted slight deviations
from the exit waypoints. The course participants were
driven by optimizing for performance and therefore aimed
to steer aircraft directly toward the exit waypoints as
best as possible, something that can be achieved by DCT
commands.

A third observation from the dendogram is that par-
ticipant C3 formed its own separate subcluster. On the
majority of measures, C3 deviated from both expertise
groups and was also quite consistent in that, resulting in
a separate subcluster. Finally, it also seems that measure
M8 by itself does not contribute much in forming the two
distinct clusters.

5.2 ATCo distances to clusters

For each scenario of an ATCo, the distances of all measures
to the centroid of the pro-cluster are squared and summed
together. After that, the sums of squared distances are
taken together to get a single sum of squared distance
for each ATCo. The same is done for the distances of
all measures to the centroid of the course-cluster. Table
3 shows the resulting sum of squared distances.

Looking at C3 in Table 3, it can be seen that he or
she is relatively distant (117,2 units) from the pro-cluster
compared to the rest of the course group. Furthermore,
C3 is also relatively distant (49,3 units) to his or her own
course-cluster compared to the rest of the course group.
Therefore, it can be stated that C3 neither behaved like
a course-ATCo nor a pro-ATCo, which echoes the result
observed in the dendogram. Omitting C3 will therefore
prevent the clustering algorithm to categorize C3 and will
therefore lead to higher accuracies.

Considering C4 in Table 3, it can be observed that he
or she is relatively closer (34,6 units) to the pro-cluster
than to the rest of the course group. Furthermore, C4 is
also still close (11,6 units) to the course cluster compared
to the rest of his or her course group. Therefore, it can
be stated that C4 behaved like a course ATCo, but also
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shows signs of moving toward a professional ATCo. Again,
this is not clear behavior for the clustering algorithm, just
like C3. Omitting C4 will therefore prevent the clustering
algorithm to categorize C4 and will therefore lead to higher
accuracies.

6. DISCUSSION

The goal of this study was to identify, using clustering
techniques, a set of objective measures that could establish
the level of expertise of trainee ATCos. The underlying
motivation is to help improve training efficiency by moni-
toring trainee learning curves throughout the training and
provide trainees specific guidance toward areas of skill and
knowledge improvement.

The clustering results of a small dataset, containing 6 ATC
course participants and 4 professionals, revealed a set of
eight measures that resulted in two stable clusters of high
accuracy. Together with a sensitivity analysis inspecting
the contribution and distances of each participant to
the clusters, it can be traced how close (or far apart)
each course participant is from the professional cluster
and on which specific measure(s) a participant deviates
from the average expert. Performing this analysis more
frequently during training would enable an ATC instructor
to monitor the trainees’ progress and to select trainees who
need more attention in terms of guidance and support. At
this point, however, it is difficult to provide participants
specific advice on how to improve. For example, in the
experiment experts gave relatively less DCT clearances.
Advising a trainee to simply “give less DCT clearances” is
rather meaningless without providing any context within
which those clearances should and should not be given.

Despite the promising results, this study also has its
limitations. First of all, clustering the small dataset might
have shown signs of overfitting, indicated by the algorithm
including measures such as M6 and M8 that do not seem
to contribute significantly in differentiating between the
two clusters. These measures are probably selected because
they resulted in a higher fitness value for this data. Second,
the results only apply to this specific data set. When
using another simulator and/or different traffic scenarios,
new clustering will be required. To mitigate this, effort
should be undertaken to make the measures more context
independent. Third, when adding more ATCos to the data
set, there is also a possibility that the current measures
are not sufficient anymore and the clustering accuracy
decreases too much. When this happens, a different set of
measures needs to be found that can describe the accuracy
of this larger group of ATCos. The advantage is that this
new set of measures might describe the expertise of a larger
group of ATCos. A greater confidence in the measures can
therefore be developed as the data set of ATCos increases.

7. CONCLUSION

In an effort to more objectively establish the expertise
level of an ATC trainee, this study employed clustering
techniques on an existing data set in which course and
professional controllers participated in a medium-fidelity
simulation experiment. Results identified a set of eight
measures that formed two distinct and stable expertise

clusters. A subsequent sensitivity analysis was able to
reveal how far (or close) each course participant was
positioned from the expert cluster and on which measures
those participants deviated from the experts. At this stage,
however, it is difficult to translate these results into specific
advice on how to improve underdeveloped skills. Despite
the small sample size and limited generalizability of the
results in this exploratory study, the method appears to
be a promising demonstration in determining objective
factors that describe ATC expertise, warranting further
research.
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