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Abstract
Despite being a well-structured domain, software engineering lacks
standardized definitions, metrics, and theories for analyzing eye
movements in domain-specific tasks. This gap can be addressed by
adapting models from other fields, such as radiology and psychol-
ogy. In particular, the holistic models of image perception provide
a suitable framework for software engineering applications. This
paper introduces a unified model of visual perception focused on
eye movements during code reviews. It is based on prior research,
findings from other studies, and cross-domain theories. Empirical
studies on C and C++ code reviews confirm a phase-based process,
where experts switch between global scanning and focal viewing.
In addition, significant differences in the fixation rate, fixation dura-
tion, number of saccades, andAOI-specificmetrics highlight the role
of expertise in visual processing. The proposed model offers a struc-
tured framework for eye-tracking analysis in software engineering,
defining relevant metrics and supporting future refinements across
various software engineering tasks.

CCS Concepts
• Social and professional topics → Software engineering edu-
cation; • Human-centered computing→ Empirical studies in
visualization.
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1 Introduction
The holistic models of image perception have been successfully ap-
plied for decades in fields such as medicine, psychology, and other
domains to analyze the visual strategies of experts, novices, or gen-
eral users in specific scenarios [13, 27, 38, 44]. Although the term
"image" suggests their application is limited to visual or graphical
stimuli, these models have demonstrated a much broader applica-
bility [38, 44]. For instance, they have been utilized in software
engineering to analyze eye movements during code reviews or to
gain insights into the examination of UML diagrams [17–19].

In this context, it becomes evident that the holistic models of
image perception can further contribute to the standardization of
eye-tracking studies in software engineering [17–19, 35, 41, 42].
While software engineering in general is a well-defined domain
[6, 29, 45], it still lacks consistent terminology, metrics, and method-
ologies in the context of eye tracking research [35, 42].

This paper aims to address the current challenges in software en-
gineering when it comes to conducting and analyzing eye tracking
studies (see section 2). In section 3 it will provide an overview of
various holistic models of image perception, additional theories and
illustrate how they can be applied within the domain of software
engineering. Subsequently, key findings from previous research and
own studies will be extracted in section 4, leading to the proposal
of a unified model of visual perception, focused on code reviews. The
proposed model will be discussed in detail (see section 5), including
its limitations (see section 6), potential future modifications and
enhancements (see section 7).

2 Challenges in conducting and analyzing eye
tracking studies in software engineering

From a research perspective, software engineering in general can
be described as a well-defined domain [22, 45]. This is histori-
cally rooted, as software engineering emerged as a solution to
the software crisis, with the primary goal to professionalize the
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Figure 1: Global-focal search model [31], taken from Hauser et al. [18]

development processes and to establish commonly accepted stan-
dards [6, 29]. The intention behind this is summarized by Naur and
Randell: ”The phrase software engineering was deliberately chosen as
being provocative, in implying the need for software manufacture to
be based on the types of theoretical foundations and practical disci-
plines, that are traditional in the established branches of engineering”
[29, p.13] Despite these favorable foundations, it becomes evident
that software engineering currently faces a gap when it comes to
eye tracking research [35, 41, 42].

This gap is extensively discussed in two systematic literature
reviews by Sharafi et al. [42] and Obaidellah et al. [35]. Accord-
ing to them, a key challenge in applying eye-tracking to software
engineering is the lack of standardization. Currently, there are
no consistent terms, definitions, metrics, or methods in this field.
Sharafi et al. [42] highlight this issue in their meta-study, advocat-
ing for the adaptation of established eye-tracking standards from
other domains [7, 23, 38, 44]. They further emphasize the need for
standardized guidelines [35, 41, 42].

Even a comparison of experimental software from providers like
Tobii, SMI, and SR Research shows inconsistencies [25, 36, 37, 39],
suggesting that this is a broader issue in eye-tracking research.
It remains to be seen how the software engineering domain will
address this challenge moving forward.

While initial attempts, such as those by Bednarik and Tukiainen
[2], have been made, these are difficult to generalize. A more sub-
stantial contribution was made by Sharafi et al. in 2020 with their
practical guide on conducting eye-tracking studies in software engi-
neering, which provides a concise overview of relevant metrics [41,
pp.3173-3179]. Despite this progress, the lack of standardization
remains a critical issue [35, 42].

3 Theoretical Background
The following part of the paper will provide an in-depth description
of the holistic models of image perception (see 3.1). This includes an
examination of the global-focal search model (see 3.1.1), the two-
stage detection model (see 3.1.2, and the holistic mode vs. search-to-
find (see 3.1.3). Following this, the three models are compared to

each other and similarities are presented (see section 3.2). Finally,
section 3.3 will provide a detailed overview of additional theories
to the holistic models of image perception.

3.1 The holistic models of image perception
The holistic models of image perception originate from radiology
and psychology, and are typically used to examine and interpret
differences between experts and novices in the viewing of visual
stimuli [13, 27, 38, 44]. While they are most commonly applied to
images (e.g. MRI and X-Ray scans, chess positions, or everyday
situations), they are not limited to these contexts [13, 27, 28, 31–
34, 38, 44, 49]. A detailed comparison of these models, including an
in-depth discussion of their unique features and relevant metrics,
can be found in a literature review by Sheridan and Reingold [44]. In
the following sections, the most important models for code reviews
are described.

3.1.1 The global-focal search model. The global-focal search model
(depicted in Figure 1) was originally developed by Nodine and Kun-
del back in 1987 and has been studied and refined over the years
[32, 34]. At its core, the model is phase-based and can be used to
explain the approach of experts when analyzing a visual stimulus
[31, 44]. In the global phase, experts perform an initial scan of the
stimulus to gain an overview and absorb the information it contains.
During this process, they compare the observed information with
their prior knowledge, which includes prototypical representations
of normal cases and abnormalities. These cognitive constructs are
referred to a schema within the theory [31]. This comparison helps
to identify potential abnormalities, distractors, or deviations early
on [31, 33, 44]. The focal phase involves a detailed examination
and analysis of the abnormalities identified during the initial scan.
This phase is particularly evident in the observer’s eye movements.
Experts tend to focus their fovea (the region of the eye responsible
for detailed vision) on the relevant areas, signaling increased at-
tention to these regions [31, 33, 44]. Nodine and Mello-Thoms [32,
p.869] describe the global-focal search model as a linear sequence
but emphasize that the process can be iterative when analyzing
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Figure 2: Two-stage detection model [49], taken from Hauser et al. [18]

a stimulus: "Attention shifts back to the medical image for a new
global impression flagging another perturbed region, focal analysis
searches it, a new object may be regognized, and recursive testing for
abnormalities continues until the observer is satisfied that enough
evidence has accumulated to make a diagnostic decision." [32, p.869]

3.1.2 The two-stage detectionmodel. The two-stage detectionmodel
by Swensson [49] shares several similarities with the global-focal
search model [31, 32, 34], particularly in emphasizing a holistic
approach to image analysis. Both models agree that experts can
quickly assess large regions of a visual stimulus by utilizing their
parafoveal and peripherals vision to gain an overview. Detected
abnormalities are then examined in detail using foveal vison [31,
32, 34, 49]. Like the global-focal search model [31], the two-stage
detection model is based on the assumption that the analysis of a
visual stimulus involves two processing stages. However, unlike
the former, Swensson’smodel does not consider these processes to
be recursive. According to Swensson [49], the first phase involves
automatic filtering mechanisms (that are a product of a persons
level of expertise) to identify and select abnormalities. In the subse-
quent phase, these selected abnormalities receive the observer’s full
attention for detailed analysis. During this analysis, the abnormali-
ties are compared to prior knowledge. Based on this comparison,
cognitive evaluation processes are conducted to determine whether,
and with what level of confidence, the abnormality meets the cri-
teria under investigation [49]. A schematic representation of the
two-stage detection model can be found in Figure 2.

3.1.3 Holistic mode vs. search to find. The third relevant model in
the context of this paper is called holistic mode vs. search to find [28].
It is depicted in Figure 3. Using the holistic mode, experts conduct a
rapid yet thorough scan of the visual stimulus, enabling them to
identify errors and anomalies. Areas of interest identified by using
this method are subjected tomore detailed examination by using the
search-to-find approach. The authors [28] state that the two modes
in this model can operate simultaneously. Global information can
still be processed even when the viewer is already using search-to-
find to analyze anomalies in-depth. The model assumes that the
ability to employ the holistic mode is correlated with the expertise
of the viewers. Novices, lacking certain knowledge and abilities,
typically have to use the slower search-to-find approach [28, 44].

3.2 Similarities and metrics of the holistic
models of image perception

The three previously introduced models share several similarities.
All of them divide the viewing process into distinct phases, with
certain goals: one phase serves to get an overview, while the other
one focuses on a closer examination of discovered anomalies or
errors.

Another common feature is their application in the study of vi-
sual expertise (see Figure 4). These models are capable of identifying
and describing the strategies employed by advanced practitioners
and novices [13, 17–19, 27, 38, 44]. Sheridan and Reingold have
explored this topic extensively through a systematic literature re-
view [44]. Their analysis examined various studies that applied
holistic models of image perception across different domains and
investigated which eye tracking metrics were used as dependent
variables. The authors extracted the key findings of each study and
presented them in tabular form, showing how these metrics change
with increasing expertise [44, p.5]. A summary of their insights can
be found in Table 1.

3.3 Additional and complementary theories to
the holistic models of image perception

As previously outlined, the holistic models of image perception pro-
vide a valuable framework for analyzing and interpreting eye move-
ments across various domains [13, 28, 31, 38, 44, 49]. However, these
models exhibit certain gaps and require complementary theories
to account for aspects such as underlying cognitive processes and
performance differences between experts and novices.

A similar challenge was addressed in the doctoral thesis of Ellen
Kok, who applied thesemodels to study visual expertise in radiology
[27]. Kok extended the holistic models of image perception by
incorporating two additional theories: the information reduction
hypothesis [15, 16] and the theory of long-term working memory [10,
26]. These theories help to further explain information processing
and the influence of experience. Building on Kok’s work [27], prior
research [17] has also integrated the cognitive load theory [46–48].
This theory similarly aims to refine the understanding of cognitive
processing and the role of expertise. The underlying theories of
visual expertise for this paper are depicted in Figure 4 and will be
described in the following.

3.3.1 Information-reduction hypothesis. The information-reduction
hypothesis, introduced by Haider and Frensch [15, 16], suggests
that experts optimize information intake by focusing on relevant
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Figure 3: Holistic mode vs. search to find [28], taken from Hauser et al. [18]

details while ignoring irrelevant ones. Novices, in contrast, tend to
be distracted by salient but unimportant features.

Empirical evidence supports this theory across various domains,
particularly in medicine. For example, Kok [27] found that radiology
novices fixated on irrelevant air pockets in the stomach, whereas
experts ignored them. Similarly, Rubin et al. [40] showed that lung
specialists scanned only 26% of lung tissue but detected 75% of
malignant nodules.

Beyond medicine, research by Antes and Kristjanson [1] and
Charness et al. [5] demonstrated that experienced artists and chess
players concentrate their fixations on task-relevant areas more than
novices.

Gegenfurtner et al. [13] summarized the theory’s core assump-
tion: experts make fewer but more targeted fixations on relevant
areas while reducing fixations on redundant ones. This highlights
the importance of eye tracking metrics related to attention distribu-
tion. Due to its broad applicability and domain-independent nature,
the information-reduction hypothesis can also be applied to software
engineering and code reviews.

3.3.2 Theory of long-termworkingmemory. The theory of long-term
working memory, introduced by Ericsson and Kintsch [10], explains

how expertise transforms memory structures. It suggests that as
expertise increases, individuals develop a more structured long-
term memory, allowing them to quickly process, store, and retrieve
information for future use. This enables efficient application of past
experiences to new cases, effectively overcoming the short-term
memory limitations [10, 13, 26, 27].

Gegenfurtner et al.[13] propose applying this theory to visual
expertise research, particularly through fixation-based and AOI-
based eye-tracking metrics. They argue that if experts encode and
retrieve information faster than novices, this should be reflected in
shorter fixation durations.

In software engineering, the theory of long-term working memory
is relevant to code reviews. Due to their experience, experts possess
extensive knowledge of coding errors, guidelines, and critical areas,
allowing them to identify issuesmore efficiently than novices [3, 17–
21, 24].

3.3.3 Cognitive load theory. The cognitive load theory focuses on
the cognitive processing capacity. The theory categorizes cognitive
load into three types [46–48]:

Table 1: Sheridan and Reingolds list of relevant metrics for the holistic models of image perception (based on [44, p.5])

Eye tracking metric Influence of expertise
Total viewing times With increasing expertise, less time is required to process visual stimuli.
Number of saccades/fixations Fewer fixations and saccades occur as expertise increases.
Saccade length With increasing expertise, longer saccades are occurring.
Scanpath length The length of scan paths decreases with increasing expertise.
Time to first fixation on anomaly The time until an anomaly is first fixated decreases with increasing expertise.
Proportion of time fixating relevant regions With increasing expertise, relevant areas are fixated for a proportionally longer

time.
Dwell times With increasing expertise, general dwell time decreases, but increases for

anomalies.
Fixation times Fixations become shorter with increasing expertise. At the same time, it is also

observed that the fixation rate (number of fixations per second) increases with
expertise.
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Figure 4: Model of visual expertise, taken from Hauser [17, p.27]

• Extraneous cognitive load: Caused by external distractions,
such as a noisy work environment, which can hinder per-
formance. Instructional design aims to minimize this load to
free up cognitive resources for the actual task.

• Intrinsic cognitive load: Determined by the complexity of the
task itself, which cannot be reduced but can be managed
through expertise development, allowing experts to apply
heuristics and automatism more efficiently [8, 12, 46–48].

• Germane cognitive load: Represents the cognitive effort in-
vested in solving the task. The goal is to maximize this load
while minimizing extraneous cognitive load for optimal per-
formance.

In the context of code reviews and visual expertise, the cogni-
tive load theory provides insights into stimulus complexity. The
interaction between intrinsic and germane cognitive load can high-
light differences between experts and novices, offering a deeper
understanding of how domain-specific experience influences review
performance.

4 Methods
The following section 4 explains the methodology used to develop
the unified model of visual perception for the application in code re-
views. In a first step (see section 4.1), related studies from software
engineering are analyzed and it is examined to which extent the
domain already provides potential solutions. Next, it outlines which
components of the models are suitable for the analysis and inter-
pretation of eye movements during a code review and how they
complement the existing concepts (see section 4.2). Finally, findings
from former studies that applied these models in the context of
code reviews are incorporated, highlighting the identification and
verification of relevant metrics (see section 4.3).

4.1 Existing concepts in software engineering
In software engineering, a systematic application of holistic models
of image perception or of similar approaches has yet to be established.
The only exception so far is the prior work to this publication (which

will be discussed at section 4.3). However, some surprisingly similar
concepts can be found in the domain.

The work of Uwano et al. [50] investigates how programmers
conduct code reviews. They observe that participants initially scan
the source code to gain an overview, reviewing approximately 73%
of the code during the first 30% of the review time. They refer to
this behavior as a scan pattern. In 2012, the study by Uwano et al.
[50] was replicated by Sharif et al. [43], who reported rather similar
findings. They also confirmed that during the initial phase of a code
review, participants aim to develop an overview of the code under
examination.

Expanding beyond the initial phase, the work of Begel and Vrza-
kova [3] provides insights into the review process as a whole. Their
study revels that participants switch between an initial scan of
the code and more detailed analysis later in the process. They also
show that this switching between global scanning and focused ex-
amination is not limited to the early stages but occurs repeatedly
throughout the entire review process.

In a slightly different yet relevant direction for this paper, the
work of Busjahn et al. [4] provides important insights. Their re-
search focuses on the reading behavior of source code, demonstrat-
ing that it differs significantly from reading natural text. Source
code is read in a far less linear fashion, characterized by a distinct
non-sequential and fragmented pattern of attention. This jumping
behavior can not be observed to the same extent in the reading of
natural texts.

4.2 Application of the holistic models of image
perception

A closer comparison of the findings presented in the previous sec-
tion 4.1 with the holistic models of image perception, reveal signifi-
cant similarities [3, 4, 28, 31, 43, 49, 50].

In software engineering, it is well understood that reviews can
be separated into different phases, each associated with charac-
teristic eye movement patterns [3, 17–19, 43, 50]. The transitions
between global and focal viewing described by Begel and Vrzakova

119



ECSEE 2025, June 02–04, 2025, Seeon, Germany Hauser et al.

[3] closely align with the global-focal search and two-stage detec-
tion models [31, 49]. Additionally, there is consensus within the
domain that reading source code bears little to no resemblance to
reading natural text. This fundamental difference results in unique
eye movement patterns specific to code comprehension [4, 17–
19, 21, 30, 35, 42].

4.3 Results from own studies
In prior studies to this paper, the holistic models of image percep-
tion are applied to analyze eye movements during code reviews
in C and C++ [17–21]. Despite being separate studies, both exper-
iments are using a rather similar empirical design and serve as a
key component for the unified model of visual perception described
in section 5. In both studies, experts (with at least five years of
programming experience) and novices (with basic knowledge of
the relevant programming languages) are compared in their code
review performance. Eye movements are recorded as participants
asses both correct and faulty code samples, providing evaluations
and error descriptions. The C study presents data from a sample of
24 participants (18 novices, 6 experts) [19, 20], while the C++ study
includes 34 participants (18 novices, 16 experts) [18, 21].

In both studies, the eye-tracking metrics presented by Sheridan
and Reingold in their literature review [44, p.5] are used as depen-
dent variables. Unlike other studies, these experiments are making
use of a phase-based approach, which allows a temporal analysis of
eye-tracking metrics and their behavior during the different phases
of the code reviews. Inspired by Uwano et al. [50], the reviews are
divided into three equal phases based on the individual comple-
tion time (Phase 1: 0-33%; Phase 2: 34-66%; Phase 3: 67-100%). The
changes in the relevant metrics between the phases are analyzed
for both the C and C++ studies using a series of Friedman Rank
Sum Tests to evaluate their statistical significance. The results and
a detailed description for each metric are provided in Table 2 and 3.

The metrics presented in Table 2 and 3 indicate that eye-tracking
measures fluctuate throughout the code review rather than remain-
ing constant. While not all results reach statistical significance, the
observed trends align with the patterns described by Sheridan and
Reingold [44]. Both the C and C++ studie [18, 19] suggest that the
relevant eye-tracking metrics follow the principles of the holistic
models of image perception [28, 31, 49].

The combined metric changes support a phase-based approach
[17–19]: In line with the global-focal search model [31–34] and two-
stage detection model [49], the review process begins with a global
scan of the source code, during which errors and anomalies are
identified. This is followed by a focal phase, where these issues are
examined in more detail. Especially the behavior of the fixation rate
in both studies supports this assumption. It starts with a relatively
high number of fixations per seconds and decreases during the
experiment, which can be seen as an indicator for gloabal and focal
viewing [31, 44, 49]

Raw data from both studies further indicate that these phases
occur recursively, repeating multiple times throughout the review.
While this recursion is already mentioned in the global-focal search
model [31], it appears more frequent in code reviews [3, 18, 19, 30],

creating challenges in data analysis. Each phase transition intro-
duces noise, which impacts individual phase metrics and weakens
statistical significance.

5 The unified model of visual perception
Based on the findings from the C and C++ studies [17–21], expertise
research [8, 9, 11–14], and in alignment with the results and theories
from other researchers [3, 4, 10, 15, 16, 26, 27, 43, 46–48, 50], a
unified model of visual perception for code reviews is created and
described in the following section 5.

The unified model for interpreting eye movements during code
reviews is largely based on the global-focal search model [31] while
incorporating participants’ prior knowledge and expertise, as em-
phasized by Swensson [49]. The model, depicted in Figure 5, com-
bines the global-focal search model [31] with the two-stage detec-
tion model [49] and complements them with additional insights,
such as the information-reduction hypothesis [15, 16] and the the-
ory of long-term working memory [10, 26].

The unified holistic model emphasizes domain-specific prior
knowledge, enabling experts to identify vulnerable sections of code
more effectively and direct their attention in a strategic way [15, 16].
Prior knowledge also supports global and focal viewing during the
review process by facilitating the classification of code, using ex-
periences from former cases, and by supporting the validation of
the results [10, 26]. In addition, experts can use their skills and
knowledge to provide detailed error descriptions that are valuable
for other reviewers and programmers [17–21, 30].

In summary, the unified holistic model is based on the holistic
models of image perception, expertise research and additional the-
ories. While currently being focused on code reviews, it provides
a foundation for broader applications, such as UML in software
engineering. Future research will validate and refine the model in
other domains.

6 Limitations
Since the unifiedmodel of visual perception [17] is based on a transfer
of different theories from other domains, it still faces limitations in
its current version when applied to software engineering (especially
in the context of code reviews). It should be considered that im-
age perception and reading comprehension rely on fundamentally
different cognitive processes, even within the context of natural lan-
guage. Analyzing an X-ray scan differs significantly from reading,
particularly when it comes to understanding source code [4]. The
latter requires lexical and linguistic processing mechanisms that
cannot be directly generalized from image perception [3, 4, 17–19].
This means that cognitive processes during a code review cannot
be fully explained by using existing models from image processing
[17, 44]. Furthermore, while the current approach shows promise, it
does not completely resolve all the identified challenges. Given the
wide variety of artifacts in software engineering [35, 42], the model
requires topic-specific metrics and further refinements. These as-
pects were not sufficiently addressed in the foundational work of
the unified model and will require further investigation in future
studies. [3, 4, 17–19, 35, 38, 41, 42, 44]
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Figure 5: Unified model of visual perception, taken from Hauser [17, p.227]

While the metrics proposed by Sheridan and Reingold [44, p.5]
already provide valuable insights into relevant eye movements dur-
ing code reviews, further adjustments and extensions are necessary
in this area (and in software engineering in general, when it comes
to eye tracking) [17, 35, 41, 42]. Additionally, it should be consid-
ered that many eye-tracking studies in software engineering rely
on artificial examples, such as short and highly simplified code snip-
pets or unrealistic scenarios [3, 4, 17, 35, 41–43, 50]. At the same
time, sample sizes are often small (approximately N = 6–30), rais-
ing questions about the generalizability of the findings [35, 42, 50].
Moreover, the proposed metrics and their behavior during domain-
specific tasks need to be explored in greater detail [17]. The goal
should be to establish a robust basis for interpreting eye movement
data within the domain of software engineering. The literature
review by Sheridan and Reingold [44], which achieved a similar
outcome for medical imaging, could serve as a benchmark for this
effort. Consequently, future research should further refine both
the methodological approach and the theoretical understanding of
cognitive processes involved in code reviews.

7 Conclusion
The unified model of visual perception presented in this paper is
an updated and extended version of the holistic models of image
perception [27, 28, 31–34, 38, 44]. Its applicability is not limited to
images as visual stimuli, and the model places a stronger focus on
the role of experience in the viewing process [17]. The results of
the C and C++ study, which made use of the holistic models of image
perception and (at a later stage) the unified model of visual perception
for the analysis of eye movement data, confirm its suitability for

code reviews and indicate its potential for broader application in
the domain of software engineering [17–21].

In summary, the unified model of visual perception addresses the
gap in software engineering, as mentioned in section 2, regard-
ing the design, analysis, and interpretation of eye-tracking studies
[35, 42]. It provides an empirical foundation and corresponding
metrics that can be used to plan and conduct such eye-tracking
studies in software engineering [17]. In its current state, it repre-
sents an initial step that can be adapted and modified to fit different
requirements in this domain. Being the result of a transfer from
other domains, the unified model of visual perception still faces
limitations (see section 6) in its current version when applied to
software engineering, particularly in the context of code reviews.
Future research should address these challenges and contribute
to further refine and expand the model, ensuring its effectiveness
across different software engineering tasks [17]. The model will
benefit from additional studies that provide more eye movement
data, allowing future adaptations and improvements.
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Table 2: Results of the Friedman Rank Sum Tests and Medians for Each Eye Tracking in the C study [19, p.6]

Eye tracking metric Group Differences between phases Median per phase

Phase 1 vs. 2 Phase 1 vs. 3 Phase 2 vs. 3 Phase 1 Phase 2 Phase 3

Number of fixations

Complete
Experts
Novices

No
No
No

No
No
No

No
No
No

491.000
457.380
534.130

455.000
448.250
528.130

474.000
468.380
544.000

Complete: 𝜒2(2)=2.835, p=.242; Experts: 𝜒2(2)=2.250, p=.325; Novices: 𝜒2(2)=1.322, p=.516

Total fixation duration in [ms]

Complete
Experts
Novices

Yes
No
Yes

Yes
Yes
Yes

No
No
No

172566.100
140756.300
173846.600

168975.100
130923.800
169994.400

165037.800
130940.800
183559.800

Complete: 𝜒2(2)=23.304, p=.000; Experts: 𝜒2(2)=10.750, p=.005; Novices: 𝜒2(2)=12.933, p=.002

Average fixation duration in [ms]

Complete
Experts
Novices

Yes
No
Yes

Yes
Yes
Yes

No
No
No

371.130
355.530
385.510

349.080
361.770
349.080

358.100
340.890
372.140

Complete: 𝜒2(2)=9.652, p=.008; Experts: 𝜒2(2)=7.750, p=.210; Novices: 𝜒2(2)=8.133, p=.017

Fixation rate

Complete
Experts
Novices

Yes
No
Yes

Yes
Yes
Yes

Yes
No
Yes

2.450
2.500
2.440

1.160
1.120
1.190

.790

.810

.750

Complete: 𝜒2(2)=46.000, p=.000; Experts: 𝜒2(2)=16.000, p=.000; Novices: 𝜒2(2)=30.000, p=.000

Number of saccades

Complete
Experts
Novices

No
No
No

No
No
No

No
No
No

414.000
379.000
414.000

448.000
383.500
470.000

493.000
352.500
505.000

Complete: 𝜒2(2)=.783, p=.676; Experts: 𝜒2(2)=.750, p=.687; Novices: 𝜒2(2)=.400, p=.819

Number of visits (on errors)

Complete
Experts
Novices

Yes
Yes
Yes

Yes
Yes
Yes

No
No
No

17.000
14.000
17.000

32.000
28.000
34.000

44.000
37.000
44.000

Complete: 𝜒2(2)=27.714, p=.000; Experts: 𝜒2(2)=10.903, p=.004; Novices: 𝜒2(2)=16.933, p=.000

Dwell time (on errors) in [ms]

Complete
Experts
Novices

Yes
No
No

Yes
No
Yes

No
No
No

7931.690
5551.750
9875.860

11179.460
9623.600
11690.970

13758.470
10786.920
14277.190

Complete: 𝜒2(2)=15.217, p=.000; Experts: 𝜒2(2)=6.750, p=.034; Novices: 𝜒2(2)=8.933, p=.011
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Table 3: Results of the Friedman Rank Sum Tests and Medians for Each Eye Tracking in the C++ study [18, p.6]

Eye tracking metric Group Differences between phases Median per phase
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Complete
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No
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No
Yes

Yes
No
Yes

191.000
205.500
178.000

198.500
226.000
170.500

165.500
206.000
115.000

Complete: 𝜒2(2)=16.133, p=.000; Experts: 𝜒2(2)=6.000, p=.049; Novices: 𝜒2(2)=13.775, p=.001

Total fixation duration in [ms]
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