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ABSTRACT

Eye-tracking has become a key methodology for studying human attention, perception, and
cognition. A central step in many gaze analysis pipelines consists in transforming raw eye-
movement data into sequences of Areas of Interest (Aols), enabling the use of symbolic and
sequence-based models to characterize visual behavior. While this abstraction is essential for
quantitative analysis, it also introduces methodological choices that critically shape how gaze
dynamics are interpreted. This article reviews major approaches for analyzing Aol sequences,
with an emphasis on how gaze dynamics can be modeled, summarized, and compared.
We discuss probabilistic and information-theoretic frameworks for characterizing transition
structure and uncertainty, as well as pattern-based and sequence-oriented methods designed
to reveal recurrent or higher-order viewing strategies. Approaches for extracting representative
gaze sequences and for visually exploring Aol dynamics are also examined, highlighting the
complementary roles of quantitative modeling and qualitative interpretation. Throughout the
review, we emphasize the impact of abstraction choices, particularly Aol definition, on downstream
analyses, and discuss key challenges related to scalability, parameter sensitivity, reproducibility,
and the analysis of complex or dynamic stimuli. By integrating visualization and modeling
perspectives, this work provides a coherent framework for understanding Aol-based gaze analysis
and outlines methodological directions for advancing the study of visual behavior.

Keywords: Eye-tracking, areas of interest, gaze dynamics, sequence analysis, visual attention

1 INTRODUCTION

The use of eye-tracking technology has increased dramatically over the past decades, driven by major
advances in recording devices that are now more accessible, portable, and capable of delivering high-
quality data. Modern eye trackers enable long-duration recordings and support increasingly complex
experimental paradigms, both in controlled laboratory environments and in naturalistic settings. While
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these technological developments have substantially improved the acquisition of raw gaze data, a critical
gap remains between the volume of data collected and our ability to interpret the visual strategies and
cognitive processes that underlie observed eye movements.

Understanding how observers explore visual scenes and how gaze behavior reflects perception,
attention, and cognition is of central importance across disciplines such as psychology, neuroscience,
human—computer interaction, and ergonomics. However, the growing abundance and complexity of eye-
tracking data make intuitive, low-level analysis increasingly impractical. This challenge has motivated
the development of high-level representations that reduce data complexity while preserving meaningful
structure, allowing researchers to efficiently analyze and compare visual strategies at both individual and
group levels.

Within this context, areas of interest (Aols) have emerged as a key abstraction. Rather than analyzing
gaze as a sequence of precise fixation coordinates, Aol-based representations describe gaze behavior in
terms of visits to semantically meaningful regions of the visual scene. This abstraction not only simplifies
raw gaze data, but also embeds it with contextual information, enabling researchers to reason about what is
being observed and how attention is distributed across relevant visual elements.

The use of Aols is conceptually aligned with principles originating from Gestalt theory Wagemans et al.
(2012), which emphasizes that visual perception is structured around coherent wholes rather than isolated
sensory elements. From this perspective, individual fixations acquire meaning only when interpreted in
relation to larger visual entities. Regardless of the theoretical scope attributed to Gestalt principles, the
pursuit of semantic interpretation in eye-tracking data requires that fixations be contextualized within
coherent visual regions. Aols thus provide a natural framework for interpreting scanpaths in terms of the
visual elements they traverse, rather than as mere geometric trajectories.

Aol sequences can be viewed as a specialized, symbolic representation derived from traditional scanpaths,
as introduced in the Scanpaths and Derived Representations part of this review series (Laborde et al.,
2024c)). In this representation, a gaze trajectory is encoded as a sequence of symbols—typically letters or
numbers—each corresponding to a specific area of interest, optionally enriched with temporal information
such as fixation duration. While this abstraction is conceptually simple, it gives rise to a rich class of
analytical methods that differ substantially from those traditionally applied to spatial scanpaths, and that
form a distinct and specialized body of literature.

More specifically, Aol sequences are constructed by assigning each fixation to the semantic region it falls
within, with each Aol associated with a unique symbol. The literature commonly distinguishes between
a priori Aols, defined in advance based on stimulus content, and post hoc Aols, inferred directly from
gaze data (Huang et al.| 2024). In addition, it is often proposed to simplify Aol sequences by collapsing
successive fixations within the same Aol, thereby emphasizing transition dynamics between regions rather
than fine-grained temporal structure. An overview of this symbolization process is illustrated in Figure

This article is the fourth contribution in an ongoing series of methodological reviews dedicated to the
analysis of oculomotor signals and gaze trajectories. The first article (Laborde et al., 2024a)) synthesized
current knowledge on canonical eye movements, with particular emphasis on differences between controlled
laboratory conditions and naturalistic viewing. The second article (?) reviewed segmentation algorithms and
oculomotor features used to identify and characterize fixations, saccades, and smooth pursuits. The third
article (Laborde et al., 2024c|) focused on scanpath representations and comparison methods grounded in
spatial trajectories. The present work builds on these foundations by concentrating on Aol-based sequence
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representations and on the methods specifically designed to analyze the dynamics, structure, and semantic
content of these symbolic gaze sequences.

The objective of this review is to introduce and organize the diverse methodologies used to characterize
and analyze high-level Aol sequence representations. Section [2] briefly reviews approaches for defining
areas of interest, which constitute the basis of this representation. Section [3]examines Markov-based models
commonly used to describe transitions between Aols. Sections 4] and [5|address pattern mining techniques
and methods for identifying common or representative Aol sequences across observers. Finally, Section [6]
discusses visualization techniques aimed at facilitating the intuitive exploration and interpretation of Aol
sequence dynamics. The principal metrics and algorithms reviewed in Sections 3] [} and [5|are summarized
in Table

Before proceeding, two clarifications are necessary. First, although Aol sequences can be treated
as symbolic inputs to a variety of sequence analysis methods—many of which were introduced in the
Scanpaths and Derived Representations review—this article focuses specifically on approaches that analyze
Aol sequences in terms of their semantic content and transition structure, rather than their spatial geometry.
Consequently, basic Aol-level metrics such as fixation counts or dwell times, which naturally extend the
features discussed in earlier parts of this series, are not covered here.

Second, our goal is not to provide an exhaustive technical treatment of each approach, but rather to
propose a unified conceptual framework that organizes the diversity of existing methods and clarifies
their underlying assumptions, required inputs, and interpretability. Throughout this review, we therefore
emphasize conceptual relationships between methods and provide references to formal mathematical
descriptions and implementation details, enabling interested readers to pursue more technical developments
as needed.

2 AOI DEFINITION

The analysis of gaze behavior through areas of interest (Aols) first requires a principled definition and
identification of these regions within the visual field. To address this foundational step, a wide range of
methods and algorithms have been proposed in the literature. These approaches can be broadly grouped
into two complementary families: stimulus-driven and data-driven methods, also commonly referred to as
a priori and post hoc Aol definitions, respectively.

In stimulus-driven approaches, areas of interest are defined based on properties intrinsic to the visual
stimulus itself. Such properties may include spatial layout, geometric structure, color, contrast, or semantic
content that are hypothesized to attract visual attention. These methods typically rely on predefined criteria,
often grounded in theoretical or computational models of visual perception, to delineate regions that
are expected to be behaviorally or cognitively relevant. By contrast, data-driven approaches infer areas
of interest directly from experimentally recorded gaze data. In this case, Aols emerge from the spatial
distribution of gaze points and reflect the observer’s actual visual exploration behavior. This post hoc
strategy enables adaptive and empirically grounded Aol definitions, making it particularly well suited
to exploratory paradigms, complex scenes, and naturalistic viewing conditions in which relevant visual
elements are not known a priori.

The following sections provide an overview of these two families of methods, outlining their conceptual
foundations, typical implementations, and inherent limitations, and highlighting the implications of Aol
definition choices for subsequent analyses of gaze behavior.
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2.1 Stimulus-Driven

Historically, areas of interest in eye-tracking studies have most often been defined through manual
annotation of the visual stimulus by human analysts. While conceptually simple and intuitive, this approach
suffers from several well-documented limitations. Manual annotation is inherently time-consuming,
particularly for large datasets or complex stimuli, and often requires the involvement of multiple
annotators. This reliance on subjective judgments introduces inter- and intra-annotator variability, which
can compromise the robustness, reproducibility, and comparability of Aol-based analyses across studies.

Despite these limitations, manual annotation has long remained a prevalent practice in psychological and
behavioral research. Its popularity can be attributed to the simplicity of implementation and to experimental
traditions that favor controlled and interpretable stimulus manipulations. As a result, user-defined Aols
have been widely employed in diverse application domains, including facial emotion recognition [Vassallo
and Douglas| (2021), the assessment of task-related expertise Wang et al.| (2022)), and the analysis of eye
movement strategies in scientific problem solving Tang et al. (2016).

A common strategy in manual Aol annotation consists of overlaying simple geometric shapes — such
as rectangles, squares, or polygons — onto the stimulus in order to delineate regions of interest. These
shape-based Aols are favored for their ease of specification and computational simplicity. However, they
often fail to align with semantically meaningful objects or perceptual units in the visual scene, which can
complicate interpretation and, in some cases, lead to misleading conclusions. Nonetheless, shape-based
annotation remains effective in highly structured contexts, such as reading, where discrete visual units
— e.g. words, lines, or sentences — can be naturally approximated by simple geometric regions Just and
Carpenter| (1980).

To alleviate the subjectivity and scalability issues inherent to manual annotation, a range of automated
stimulus-driven approaches has been proposed. One of the earliest such methods consists of partitioning
the visual field into a regular grid Mackworth and Morandi (1967), thereby providing a uniform and
reproducible segmentation of the stimulus. While straightforward, grid-based approaches ignore the spatial
structure and semantic boundaries of visual content, limiting their ability to capture meaningful areas of
interest in complex scenes.

More refined stimulus-driven approaches aim to define Aols based on intrinsic properties of the visual
stimulus itself, independently of the observer’s gaze behavior. Among these, saliency-based methods have
emerged as a practical compromise between automation and content awareness. These approaches seek
to identify visually prominent regions based on low-level image features, such as contrast, orientation,
color, or spatial frequency, and are particularly valuable in situations where data-driven Aol definition
is impractical—for example, when gaze data are sparse, noisy, or when multiple potential Aols overlap
spatially. Early work by Privitera and Stark (1998, 2000) advocated segmenting images into coherent regions
using feature extraction and clustering techniques, laying the foundations for automated, content-aware
Aol definition without manual intervention.

Several stimulus-driven Aol generation methods are rooted in classical image segmentation techniques Shi
and Malik| (2000); Arbelaez et al.| (2010), which aim to partition an image into perceptually homogeneous
regions based on color, texture, or edge information. These methods are particularly effective when clear
object boundaries are present in the stimulus, enabling precise delineation of visually meaningful regions.
Complementary approaches leverage frequency-domain analyses, such as frequency-tuned salient region
detection Achanta et al.[| (2009) or spatio-temporal saliency estimation Guo et al.[(2008). By analyzing
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the amplitude and phase spectra of images or videos, these techniques highlight regions that stand out
perceptually, offering computational approximations of bottom-up attentional mechanisms in human vision.

More recently, Fuhl et al.| (2018a)) proposed an integrated framework for stimulus-driven Aol generation
that combines biologically inspired saliency models [Itti et al.| (1998); Hou and Zhang (2007)) with gradient-
based image segmentation [Fuhl et al. (2015). In this approach, a saliency map is first computed to
approximate attentional relevance, and is subsequently segmented to yield precise Aol boundaries adapted
to the content of the visual stimulus. While such methods significantly advance the automation and
objectivity of Aol definition, they primarily fall within the domain of computer vision. As a result, a
comprehensive treatment of these techniques lies beyond the scope of the present review. Broader questions
related to the prediction of attention allocation and saliency modeling are discussed in greater detail in the
Scanpaths and Derived Representations part of this review series |Laborde et al.| (2024c).

The definition of stimulus-driven Aols becomes particularly challenging in the context of dynamic
stimuli. While manual annotation already poses substantial challenges for static images, these difficulties
are amplified for videos, interactive environments, or wearable eye-tracking recordings acquired in
unconstrained settings. In such cases, the visual content evolves continuously over time, and spatially
similar regions may correspond to different semantic entities at different moments. As discussed in the
Neurophysiology and Experimental Paradigms part of this review series Laborde et al.|(20244a), dynamic
gaze mapping can be simplified by projecting gaze points onto a fixed reference frame. However, this
strategy does not fully resolve the complexities associated with defining temporally consistent Aols in
changing scenes. Recent advances in computer vision have begun to address these challenges through
automatic or semi-automatic annotation tools designed for dynamic stimuli Kurzhals et al.| (2016); Kopacsi
et al.| (2023); Barz et al. (2023). Although these approaches show considerable promise for improving
annotation efficiency and consistency, defining reliable and semantically meaningful stimulus-driven Aols
in dynamic environments remains an open and active area of research.

2.2 Data-Driven

Data-driven approaches define areas of interest directly from experimentally recorded gaze data by
exploiting the spatial distribution of fixation points. In contrast to stimulus-driven methods, they do not rely
on predefined hypotheses about the structure or semantic organization of the visual stimulus. This makes
them particularly well suited to exploratory paradigms, naturalistic stimuli, and situations in which the
relevant visual elements are unknown or difficult to annotate a priori. A key advantage of data-driven Aol
definitions lies in their ability to jointly localize regions of interest and quantify the attentional engagement
they elicit, purely from observed gaze behavior.

Importantly, data-driven Aols are not restricted to explicitly fixated visual elements. As emphasized
by Boisvert and Bruce| (2016)), the absence of a direct fixation on a given object — for instance, a
face — does not necessarily imply the absence of attentional processing. Peripheral vision, covert
attention, and anticipatory gaze behavior may all contribute to visual processing without being reflected in
fixation locations alone. By modeling gaze distributions rather than individual fixation targets, data-driven
approaches provide a more flexible framework for capturing these broader attentional mechanisms.

To account for uncertainty in gaze direction and measurement noise, many data-driven algorithms
implicitly tolerate inaccuracies arising from calibration errors, tracker precision limits, or oculomotor
overshoots and undershoots. This tolerance distinguishes them from stimulus-driven approaches, which
typically assume precise correspondence between fixation locations and visual targets. Readers interested
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Vertical position (px)

Horizontal position (px)

Figure 1a. Input scanpath

Vertical position (px)

Horizontal position (px)

Figure 1b. Areas of interest inferred from affinity propagation

Figure 1. Symbolization Process. We illustrate the process of computing areas of interest with a simple
example: in Figure[lal we present a scanpath, which is conventionally used as input for the Aol inference
process. Each fixation in the scanpath is utilized to form clusters, here using the affinity propagation method.
Once formed, these clusters are treated as Aols. Analyzing the clustering results reveals well-defined Aols
— such as clusters A, C', D, and H — while others appear less relevant, such as clusters F' and G.

in theoretical discussions of covert attention and inverse inference in gaze modeling are referred to |Boisvert

and Bruce|(2016) and [Haji-Abolhassani and Clark]| (2014).

A seminal contribution to the methodological foundations of data-driven Aol generation was provided by
'Santella and DeCarlo| (2004), who outlined three desirable properties for clustering-based Aol algorithms:
(1) robustness to initialization, (i7) independence from a predefined number of clusters, and (7i7) resilience
to outliers. These criteria have since served as reference benchmarks for evaluating the suitability of
clustering techniques applied to eye movement data. Most data-driven Aol generation methods rely on
standard clustering algorithms, adapted to the specific characteristics of fixation distributions. In this
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framework, fixations belonging to the same spatial cluster are interpreted as instances of a common area of
interest. A schematic illustration of this symbolization process is provided in Figure

One commonly employed data-driven approach is k-means clustering, which is often used either directly
(Nguyen et al.| (2006); |Privitera and Stark (2000)) or in combination with other methods. For instance,
Latimer (1988) proposed partitioning gaze data by creating histograms of fixation durations across the
visual field, followed by k-means clustering of these histograms to identify well-separated and compact
fixation clusters. While k-means is effective in cases where fixation groups are clearly delineated, its
performance deteriorates in more complex scenarios, particularly when the gaze data is noisy. In such cases,
the algorithm fails to precisely characterize complex Aols, and its ability to handle more intricate patterns
of visual attention is limited. Additionally, k-means clustering requires the user to specify the number of
Aols a priori, which can be problematic in situations where the number of areas of interest is unknown
or variable. In practice, this limitation is sometimes mitigated by evaluating several candidate values of k
using internal validity criteria such as the silhouette score, which quantifies the compactness and separation
of the resulting clusters — note that this procedure increases computational cost. The algorithm is also
sensitive to outliers, which can distort the results. For these reasons, the use of k-means clustering may be
constrained, leading researchers to seek alternative approaches that offer greater flexibility and robustness
in Aol identification.

A more refined alternative to traditional clustering methods is the mean-shift approach for defining areas
of interest, originally proposed by Fukunaga and Hostetler (1975) and later adapted to eye movement
analysis by Santella and DeCarlo| (2004). Mean-shift is a non-parametric, density-based technique that
operates in two successive stages. In the first stage, known as the mean-shift procedure, fixation points
are iteratively displaced toward regions of higher local density. Each fixation is shifted according to
the weighted mean of its neighbors, where the weights are defined by a kernel function. In practice, a
multivariate Gaussian kernel with zero mean and isotropic covariance is commonly employed, with the
kernel bandwidth acting as a scale parameter that can be adjusted to reflect the approximate foveal extent
of human vision, typically around 5° of visual angle. In the second stage, a distance-based clustering
step groups the converged fixation points into distinct clusters, which are subsequently interpreted as
areas of interest. A key advantage of the mean-shift approach lies in its robustness to extreme outliers,
achieved by limiting the support of the kernel—for example, by assigning zero weight to points located
beyond a given multiple of the bandwidth. This mechanism prevents isolated fixations from exerting undue
influence on cluster formation. The resulting clusters provide a structured, noise-resistant, and reproducible
representation of visual attention patterns (Santella and DeCarlo| (2004)); Duchowski et al.[(2010)). Owing
to these properties, mean-shift has become a widely adopted method for Aol generation, particularly in the
analysis of noisy or unconstrained eye-tracking data Drusch and Bastien| (2012).

Another prominent approach for defining areas of interest is the density-based spatial clustering of
applications with noise (DBSCAN) method, originally proposed by [Ester et al.| (1996). DBSCAN has
inspired a wide range of density-based clustering techniques and remains one of the most widely adopted
algorithms for data-driven Aol identification, owing to its conceptual simplicity and robustness to noise
(McGuire and Chakraborty|(2016); Marchal et al.|(2016); Reani1 et al. (2018)). The core principle underlying
DBSCAN is that clusters correspond to contiguous regions of high point density, separated by regions of
lower density. The algorithm operates using two key parameters: a neighborhood radius and a minimum
number of points required to define a dense region. Based on these parameters, DBSCAN introduces
the notion of reachability: a fixation is considered directly reachable from another if it lies within the
neighborhood radius, and indirectly reachable if it can be connected through a chain of directly reachable
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fixations. As a result, fixation points are iteratively classified into three categories: (i) core points, which
possess a sufficient number of neighbors within the specified radius; (ii) border points, which are reachable
from core points but do not themselves meet the density criterion; and (7i7) outliers, which are not reachable
from any core point. All fixations that are mutually reachable are grouped into the same cluster, which is
subsequently interpreted as an area of interest. By explicitly identifying noise and eliminating the need
for an a priori specification of the number of clusters, DBSCAN is particularly well suited for gaze data
characterized by irregular cluster shapes and variable fixation densities (Ma and Angryk (2017))). A notable
extension of DBSCAN is the ordering points to identify the clustering structure (OPTICS) algorithm
Nagshbandi et al.| (2016)). Rather than relying on a single density threshold, OPTICS produces an ordering
of fixation points based on their reachability distance, enabling the exploration of clustering structures
across multiple density levels. This property makes OPTICS especially valuable for eye-tracking datasets
in which fixation density varies substantially across regions or observers.

Another density-based approach for defining areas of interest is the density peak clustering method,
originally introduced by Rodriguez and Laio| (2014) and later adapted to Aol identification in eye-tracking
studies by L1 and Chen| (2018)). This method relies on the assumption that cluster centers correspond to
fixation points characterized by both high local density and a large distance from other fixation points
of higher density. More specifically, the algorithm associates each fixation with two quantities: (i) a
local density value, typically defined as the number of neighboring fixation points within a user-defined
spatial radius, and (7¢) a distance measure corresponding to the minimum distance between the fixation
and any other fixation exhibiting higher local density. Fixations that simultaneously exhibit high values
for both measures are identified as cluster exemplars, which serve as the centers of the resulting areas
of interest. To determine the number of Aols, the algorithm computes the distance—density product for
each fixation and sorts these values in descending order. A threshold is then applied to this product, with
fixations exceeding the threshold being assigned as Aol centers. The threshold can be empirically defined
using either the arithmetic mean or the geometric mean of the distance—density products. The choice of
thresholding strategy directly influences the resulting Aol configuration: arithmetic mean thresholds tend
to produce fewer, more compact clusters, whereas geometric mean thresholds typically yield a larger
number of clusters with increased overlap. While the density peak method offers an intuitive mechanism
for automatically determining the number of clusters, its outcomes are sensitive to parameter selection,
particularly the choice of neighborhood radius and thresholding strategy. As a result, careful parameter
tuning is required to ensure that the resulting Aols meaningfully reflect the underlying structure of the gaze
data.

An alternative family of data-driven approaches for defining areas of interest is based on exemplar-
based clustering, among which the affinity propagation method, originally introduced by [Frey and Dueck
(2007), has received particular attention in eye-tracking research (Huang et al.|(2009); Li et al.| (2017)).
Unlike variance-minimization or purely density-based techniques, affinity propagation identifies a subset
of representative data points, referred to as exemplars, which collectively summarize the structure of the
dataset. All fixation points associated with the same exemplar are subsequently grouped into a single
cluster, interpreted as an area of interest. Affinity propagation operates through an iterative message-passing
procedure between all pairs of data points, based on two complementary quantities: responsibility and
availability. Responsibility reflects how well suited a candidate exemplar point j is to represent a given
fixation point ¢, taking into account the relative distances between points and the current availability values.
Conversely, availability measures the degree to which a fixation point ¢ is appropriate to act as an exemplar,
based on the accumulated evidence provided by other fixation points in the dataset. During the iterative
optimization process, responsibility and availability values are updated until convergence. At convergence,
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Figure 2a. Areas of interest inferred from
mean-shift

300

Vertical position (px)

0 200 400 600 800
Horizontal position (px)

Figure 2b. Areas of interest inferred from
DBSCAN

Vertical position (px)

0 200 400 600 800
Horizontal position (px)

Figure 2c. Areas of interest inferred from
density peak

Figure 2. Symbolization Process. We illustrate the data-driven Aols computed using the various
algorithms discussed in Section[2.2] A qualitative analysis of the clusters — representing areas of interest
— generated by these methods reveals significant variability in results across algorithms. This variability is
further amplified by the dependency of many algorithms on one or more parameters, which increases the
sensitivity and variability of the outcomes. Therefore, researchers must exercise caution when selecting
their approaches and consider adapting their methodology based on the visual context and the specific tasks
performed by the viewers.
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the set of exemplars emerges naturally from the data, eliminating the need for an a priori specification of
the number of clusters. Fixations are then assigned to the exemplar with which they exhibit the highest
affinity, yielding a partition of the dataset into distinct Aols. Affinity propagation satisfies several key
criteria for robust Aol generation outlined by [Santella and DeCarlo| (2004), notably independence from
initialization and from predefined cluster numbers. In addition, the method exhibits a degree of robustness
to outliers by forming small auxiliary clusters that isolate atypical fixations, which can be readily identified
and excluded from further analysis (Huang et al.|(2009); |Li et al.|(2017)). These properties make affinity
propagation a compelling option for Aol identification in gaze datasets characterized by complex spatial
structures or heterogeneous fixation distributions.

Despite their methodological diversity, a comparative study by |Fuhl et al.|(2018b) has shown that applying
different data-driven Aol generation algorithms to the same gaze dataset can result in markedly different
Aol configurations. In particular, approaches based on local maxima thresholding, heatmap gradient
analysis, or overlap-based clustering—each grounded in plausible density-driven heuristics—were shown
to produce substantially different scene partitions. This observation highlights a fundamental limitation of
data-driven Aol definition: the problem is inherently ill-posed, and no single algorithm can be regarded
as universally optimal. To illustrate this variability within a unified methodological framework, Figure
presents Aol configurations obtained using the principal data-driven clustering algorithms detailed in this
section. Once defined, these data-driven Aols constitute the symbolic alphabet from which Aol sequences
are constructed, making the properties of the Aol definition stage critical for all subsequent sequence-based
analyses.

At this point, a few remarks are in order. Firstly, a number of Markov-based methods have been introduced
in the literature to define Aols. These approaches however will be discussed in the Section |3} as they
combine the tasks of defining areas of interest and analyzing the attention transition dynamics between
these regions. Secondly, by implementing the various methods mentioned above, we can assign the fixation
points to distinct areas of interest. Nevertheless, in order to preserve the spatial information of the gaze
trajectories, it may be necessary to take into account the locations of the Aols, and in particular their
centers. A first approach, which despite its simplicity remains very popular, simply consists of averaging
the coordinates of the different fixations assigned to the same cluster — or Aol. However, such a basic
treatment could ignore the spatial relationship among fixations and be sensitive to noise. Alternative
approaches have therefore been developed to refine this process. For instance, Pillalamarri et al.| (1993))
early included several methods to calculate the center of a cluster as the weighted — by duration — mean
of clustered fixations and the center of the convex polygon encompassing fixations belonging to the same
cluster (Spakov and Miniotas (2007)). On the other hand, [Wang et al.|(2016) proposed to compute a density
value — the number of fixations within a given distance threshold — around each fixation of a given cluster
and then determine the maximum density value which points to the Aol center. We can also mention the
approach suggested by Chen and Chen| (2017)) who proposed a method based on random walks to identify
Aol centers, highlighting the robustness and low susceptibility to outliers of such an approach (?.

Finally, we conclude this section by pointing out that, in general, the problem of defining areas of interest
has been little explored in the specific case of dynamic stimuli. Indeed, in such a context, spatially identical
or close but temporally different fixations may originate from visual elements with totally distinct semantic
meanings. Consequently, current data-driven approaches may fail to define precise areas of interest and lead
to erroneous conclusions when used as input data for the examination of dynamic eye movements. Recent
approaches are beginning to address this issue. We can mention the AO!I bounding boxes estimation method
that uses image segmentation technique to estimate Aol bounding boxes in dynamic stimuli (Lagmay et al.
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Method name

Input

Description

Reference

Transition matrix

Transition entropy
Hidden Markov model
(HMM)

Fisher
based)

vector (HMM-

VHEM clustering

Aol sequence

Transition matrix

Fixation sequence

Hidden Markov model

Set of HMMs

Computes transition probabilities between areas of
interest as a row-normalized stochastic matrix, from
which graph-based metrics — e.g. density, centrality,
transitivity, small-worldness and global efficiency —
can be derived.

Computes entropy-based metrics characterizing gaze
dynamics, including stationary entropy, joint entropy,
conditional entropy, and mutual information.

Learns a probabilistic generative model of gaze
behavior by estimating hidden states and transition
probabilities using the Baum—Welch algorithm.
Encodes gaze sequences by computing gradients of
the HMM likelihood with respect to model parameters,
yielding a fixed-length vector representation.

Clusters hidden Markov models into groups of similar
gaze dynamics and estimates representative HMMs for
each cluster using variational inference.

Hsiao et al.[(2021)

Krejtz et al.|(2015)

Bilmes et al.| (1998)

Kanan et al.|(2014)

Coviello et al.|(2012)

Lempel-Ziv complexity

Common n-gram

analysis

Sequential pattern mining

T-pattern detection

Aol sequence

Aol sequence

Set of Aol sequences

Aol
timestamps

sequence  with

Computes the complexity of visual exploration by
incrementally identifying novel subsequences while
scanning the Aol sequence from left to right.
Computes frequency distributions of fixed-length
Aol subsequences to capture higher-order transition
patterns and local sequential structure.

Identifies frequent sequential patterns shared across
multiple Aol sequences using data mining algorithms
such as Apriori or SPAM.

Identifies statistically recurrent temporal patterns in
Aol sequences by detecting event structures with
consistent inter-event intervals.

Longest
subsequence (LCS)

common

Smith—Waterman
alignment

eMINE

Scanpath trend analysis

(STA)

Candidate-Constrained

DTW Barycenter
Averaging
Dotplot hierarchical
clustering

Pair of Aol sequences

Pair of Aol sequences

Set of Aol sequences

Set of Aol sequences

Set of Aol sequences

Set of Aol sequences

Computes the longest subsequence shared by two Aol
sequences using dynamic programming, allowing gaps
but preserving order.

Performs local sequence alignment using a substitution
matrix and gap penalties to identify similar Aol sub-
sequences.

Iteratively derives a consensus Aol sequence by
combining global similarity measures and longest
common subsequence extraction.

Identifies commonly visited and temporally significant
Aols and constructs a representative trend sequence
based on fixation frequency and dwell time.
Aggregates Aol sequences
representative sequence by iteratively minimizing the

multiple into a
average dynamic time warping distance.

Extracts common Aol sub-sequences using dotplot
analysis and hierarchical clustering based on sequential
matching distances.

Lounis et al.| (2020)

Ayres et al.[(2002)

Ayres et al.[(2002)

Salah et al.|(2010)

Bergroth et al(2000)

West et al.| (2006)

Eraslan et al.|(2014)

Eraslan et al.| (2016)

Li et al.|(2017)

Goldberg and Helfman
(2010)

Table 1. Methods for Aol sequence analysis and their required input representations.

(2022))). Conversely, recent publications have proposed leveraging deep learning techniques to identify
Aols within dynamic visual stimuli (Jayawardena and Jayarathna (2021)); Barz et al. (2023)); [Trajkovska
et al.|(2024))). While these approaches appear promising, defining areas of interest in the context of dynamic
stimuli remains a critical research avenue to be further explored in the coming years.
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3 MARKOV-BASED MODELS

Markov-based analysis provides a probabilistic framework for modeling sequential data by describing
system dynamics in terms of state-to-state transition probabilities. A process is said to satisfy the Markov
property when the probability of transitioning to a future state depends solely on the current state,
independently of the sequence of states that preceded it. While this assumption deliberately abstracts
away long-range dependencies, it yields models that are theoretically well grounded, interpretable, and
computationally efficient, making them particularly attractive for the analysis of sequential behaviors.

In the context of eye-tracking, Markov models are naturally suited to the analysis of gaze dynamics
expressed as sequences of areas of interest. Once gaze trajectories have been discretized into Aol sequences,
each Aol can be interpreted as a discrete state, and eye movements correspond to probabilistic transitions
between these states. Modeling these transitions using Markov-based approaches provides a compact
description of visual exploration behavior, capturing systematic patterns in attentional shifts while offering
a flexible foundation for both descriptive and inferential analyses.

3.1 Transition Matrix

Markov-based approaches aim to model transitions between visual elements by estimating transition
probabilities, often represented in the form of transition matrices. A transition matrix — also referred to as
a stochastic or probability matrix — is a square matrix in which each entry corresponds to the probability
of transitioning from one current state — e.g. an Aol — to another. In an early application of this concept,
Ponsoda et al.|(1995) developed transition matrices to categorize successive saccade directions. Rather than
focusing on Aols — as is common in modern applications — their matrices represented transitions between
eight cardinal saccade directions. Building on this, Bednarik et al.| (2005) constructed transition matrices to
characterize visual switching behavior across predefined Aols, providing a framework for analyzing gaze
transitions. Fischer and Peinsipp-Byma (2007) further extended the use of transition matrices by combining
them with descriptive statistics to compare perceptual responses to the same stimulus. Transition matrices
thus offer a powerful tool for summarizing and analyzing gaze patterns, supporting insights into both
individual and group-level visual processing behaviors.

From a computational standpoint, the elements of a first-order transition matrix are derived from the
observed frequencies of transitions between areas of interest. Each matrix entry represents the count
of transitions from a specific source Aol to a corresponding destination Aol. To compute empirical
probabilities, the matrix is row-normalized, ensuring that the sum of the values in each row equals 1.
Consequently, the element in row ¢ and column j reflects the conditional probability of transitioning to the
j-th Aol, given that the current fixation is located in the i-th Aol.

Although transition matrices offer valuable insights into gaze dynamics, their direct application and
analysis remain relatively underexplored in the literature. Nonetheless, several studies have leveraged
transition probabilities to infer patterns and dynamics of visual behavior directly (Bednarik et al. (2005);
Fischer and Peinsipp-Byma| (2007)); Vandeberg et al.| (2013))). Furthermore, Privitera and Stark| (1998))
proposed a method for comparing transition matrices by introducing a distance metric designed to quantify
similarities or differences in gaze behavior patterns, paving the way for more nuanced analyses of visual
attention.

Beyond their direct probabilistic interpretation, transition matrices can also be reformulated into
alternative representations that emphasize the structural organization of gaze behavior. Another element
to consider is the directed graph, which can be directly derived from the transition matrix, as illustrated
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in Figure [3b] While directed graphs are often introduced primarily as visualization tools, they also
constitute a powerful analytical representation of gaze dynamics. In this framework, areas of interest are
modeled as nodes, and gaze transitions between them are represented as directed edges whose weights
correspond to transition frequencies or probabilities. This graph-based abstraction makes it possible to
analyze eye-movement behavior using concepts and metrics drawn from network theory, thereby shifting
the interpretation of gaze from a purely sequential process toward a structured visual network.

Recent work has demonstrated the relevance of this perspective for characterizing individual differences
in visual strategies. For instance,|Ma et al.|(2023) leveraged graph-theoretic measures computed on gaze
transition networks to reveal systematic differences between low-ability and high-ability readers. Their
results illustrate how the organization of gaze transitions — rather than isolated fixation metrics — can
capture meaningful aspects of cognitive processing during reading.

Taken together, graph-theoretic measures provide a compact yet expressive description of gaze dynamics
by characterizing both local transition patterns and global network organization. Network density reflects
the overall richness of visual exploration by quantifying how many transitions between areas of interest are
effectively used relative to all possible transitions. Measures of node centrality identify areas of interest that
play a dominant role in the visual strategy, either by attracting a large proportion of incoming transitions or
by acting as frequent intermediaries between other regions. Furthermore transitivity captures the tendency
of gaze transitions to form locally clustered structures, revealing whether visual exploration favors tightly
interconnected subsets of areas, while small-worldness describes the coexistence of such local clustering
with short paths between distant regions, indicating an efficient balance between focused inspection and
broader scene integration. Finally, global efficiency summarizes how easily information can propagate
across the entire network, providing an aggregate measure of how coherently different areas of interest are
connected through gaze behavior.

By embedding gaze transitions within a network representation, directed graphs enable the analysis of
eye movements at a level that goes beyond pairwise transitions. They allow gaze behavior to be interpreted
as an organized system whose structure reflects underlying perceptual, attentional, and cognitive strategies,
complementing both transition-matrix-based analyses and more complex probabilistic models introduced
in subsequent sections.

As previously discussed, a critical characteristic of Markov processes is that the next state — the target
Aol — depends solely on the current state, defined as the Aol currently being fixated upon by the observer.
This property allows for a mathematically tractable representation of Aol transitions but introduces a
significant limitation. Specifically, the assumption that gaze transitions depend only on the current Aol
disregards the prior sequence of fixations, effectively ignoring the historical context of gaze behavior.
While this simplification may be adequate for straightforward perceptual tasks, it poses challenges for
analyzing tasks involving higher-order cognitive processes, where sequential dependencies likely play a
critical role.

In principle, this limitation can be mitigated by constructing higher-order Markov models that incorporate
previously visited Aols into the transition framework. However, this approach leads to a rapid increase
in the number of transition probabilities that must be estimated. Such complexity can make higher-order
Markov processes impractical for studying visual dynamics, especially in scenarios where the available
gaze data are insufficient to reliably compute all entries in the extended transition matrix (Burmester and
Mast (2010); [von der Malsburg et al. (2015)).
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To capture longer-term dependencies in gaze behavior, the successor representation (SR) matrix,
originally introduced by Dayan| (1993), has been adapted for use in the visual domain (Hayes et al.
(2011)). The central idea of this approach is to encode not only direct transitions between areas of interest
but also the expected sequence of future Aols inferred from prior observations. In practice, when a
transition occurs between Aols, the SR matrix is updated to associate the originating Aol not only with the
immediate target but also with the set of Aols expected to follow. These associations are weighted by a
temporal discount factor, which accounts for the diminishing influence of more distant future states. This
approach allows the SR method to provide a richer, temporally extended representation of gaze behavior,
accommodating sequential dependencies more effectively.

Finally, transition matrices play a pivotal role as foundational components in advanced methodologies,
including hidden Markov models and entropy-based analyses. These approaches leverage the probabilistic
structure of transition matrices to model and quantify gaze behavior with greater precision and depth. By
capturing the underlying dynamics of visual attention, these methods facilitate a more comprehensive
understanding of complex gaze patterns. The intricacies of these advanced applications and their broader
implications will be examined in detail in subsequent sections.

3.2 Gaze Structure Entropy

Entropy, as originally formalized by Shannon| (1948)), provides a principled measure of uncertainty
or unpredictability within a system. When gaze behavior is modeled as a Markov process through an
Aol transition matrix, entropy-based measures offer a compact and interpretable way to quantify the
structure and complexity of visual exploration. Several entropy metrics have been proposed in this context,
each capturing a distinct aspect of gaze organization. Among these, the stationary entropy constitutes a
foundational descriptor of gaze distribution.

Under standard assumptions that the Markov chain is irreducible and aperiodic, it admits a unique
stationary distribution, defined as the left eigenvector of the transition probability matrix associated with
the eigenvalue one (Meyer (2000)). This stationary distribution characterizes the long-term proportion
of time the gaze is expected to spend in each area of interest, independently of the initial fixation state.
Applying Shannon entropy to this distribution therefore quantifies the uncertainty associated with gaze
position across Aols (Krejtz et al. (2014)). Low stationary entropy values indicate that visual attention is
preferentially concentrated on a limited subset of regions, whereas higher values reflect a more uniform
allocation of gaze across the visual scene.

While stationary entropy captures the spatial dispersion of gaze over time, it does not account for the
dynamics of transitions between areas of interest. To address this limitation, gaze behavior has also been
conceptualized as a discrete information channel, referred to as the gaze information channel (Hao et al.
(2019} 2020)). Within this information-theoretic framework, the conditional entropy is defined as the
average entropy of the conditional transition probabilities associated with each Aol (Krejtz et al. (2015));
Hao et al.| (2020)). This metric quantifies the degree of uncertainty in gaze transitions themselves, capturing
how predictable or stochastic the shifts of attention are from one region to another. Higher conditional
entropy values correspond to more exploratory and less predictable transition patterns, whereas lower
values indicate more structured, repetitive, or goal-directed viewing behavior.

Beyond stationary and conditional entropy, the gaze information channel framework enables the definition
of additional measures that further decompose visual uncertainty and information flow. These include
metrics quantifying total uncertainty in gaze behavior, uncertainty conditioned on a specific Aol, as well as
mutual information exchanged between pairs of areas of interest or between a given Aol and the rest of the
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Figure 3b. Directed graph

Figure 3. Infered Markov model. Modeling gaze dynamics as a Markovian process is demonstrated in
Figure 3a] which illustrates the transition matrix encoding the probabilities of shifting from one Aol to
another. Additionally, a qualitative analysis of the directed graph associated with this transition matrix,
presented in Figure %_5[, offers valuable insights. This graph is overlaid on the visual stimulus presented
during gaze recording, providing contextual information that enhances the interpretation of the observed
transitions.

scene. Although a detailed exposition of these quantities lies beyond the scope of the present review, they
provide complementary perspectives on how visual information is distributed and transferred during gaze
exploration. Readers interested in the formal definitions and behavioral interpretations of these measures
are referred to the comprehensive treatment by [Hao et al. (2019).

When applied to eye-tracking data, entropy-based metrics offer several practical advantages. First, they
yield scalar descriptors of gaze complexity at the individual level, facilitating aggregation across participants
and experimental conditions. Second, they are well suited for inferential statistical analyses, such as group
comparisons, correlation analyses, or regression modeling, enabling systematic investigation of individual
differences in visual behavior. Entropy measures have, for instance, been used to distinguish eye-movement
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strategies between expert and novice teachers (Mclntyre et al.| (2017); Kosel et al.|(2021))) and to quantify
variations in visual search behavior as a function of task complexity or cognitive load (Krejtz et al. (2014)).

Taken together, gaze structure entropy metrics provide a theoretically grounded and computationally
efficient means of summarizing both the spatial distribution and temporal organization of visual attention.
By complementing transition-matrix-based and graph-based analyses, entropy measures contribute to
a more comprehensive characterization of gaze dynamics, while naturally motivating the use of more
expressive probabilistic models discussed in the following sections.

3.3 Hidden Markov Models

Recent studies have employed Hidden markov models (HMMs) to capture the temporal dynamics of gaze
behavior. Like first-order Markov models, HMMs govern the transitions between states through a first-order
Markov process. However, the key distinction in HMMs lies in the term hidden, which indicates that the
states themselves are not directly observable. Instead, they must be inferred from the relationship between
the hidden states — representing areas of interest — and the experimentally observed gaze positions (Chuk
et al.[(2014)).

Specifically, the emission densities, which describe the distribution of successive fixations within each
Aol, are modeled using two-dimensional Gaussian distributions. The transitions between hidden states
are governed by a probability distribution, which is encapsulated in the HMM’s transition matrix. The
inference process, which aims to estimate the hidden states, is typically performed using the Baum-Welch
algorithm, also known as the forward-backward algorithm. This dynamic programming approach is a
special case of the expectation-maximization algorithm (Bilmes et al. (1998)). Its purpose is to iteratively
adjust the HMM parameters — namely, the state transition matrix, the Gaussian emission parameters, and
the initial state distribution — to maximize the likelihood of the model fitting the observed gaze data.

HMM-based approaches have been proposed to model the visual attention process (Haji-Abolhassani
and Clark| (2014)). If early works assumed that the attentional targets could be defined in advance — for
instance building on saliency approaches discussed in the Scanpaths and Derived Representations part
of this review series (Laborde et al. (2024c)) — more recent works emphasize on the fact that during the
inference of HMM-based models, the target selection and Aol centers is governed by a statistical process
that is trained on natural eye trajectories measured during task execution. Indeed, if the assumption of a
priori targets may be valid for simple tasks with objective results, it can appear limited in more abstract or
complex tasks where defining the potential targets of attention is not straightforward and typically no prior
information about the location of the targets is available to the model.

In addition, Gaussian distributions - commonly used as emission probabilities - also take into account
overshoots and undershoots when directing the gaze at a given target. Consequently, the assumption of
accurate targeting is relaxed in the HMM by using observational distributions over visual targets. In other
words, this approach dispenses with the need for a preliminary data-driven definition of Aols, directly
integrated into the analysis of visual dynamics. As such, one popular proposed approach begins by using
the k-means clustering technique [Kaufman and Rousseeuw| (2009) to locate — as a first approximation
— potential targets in an image or scene and then uses the centroids of these clusters to initialize the
HMM-based method for decoding eye dynamics and refining visual targets.

From this HMM modeling framework, |[Haji-Abolhassani and Clark| (2014, 2013) proposed the
computation of task-dependent HMMs, trained with task-specific eye trajectories under the constraint of a
shared covariance matrix across all Gaussian emission densities. This approach allows for the creation of
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HMMs tailored to specific visual tasks. Experimental gaze data can then be probabilistically assigned to a
task using a Bayesian inference framework. In this context, the problem is conceptualized as the inverse
Yarbus process, where the likelihood term is determined by the probability of the observed gaze sequence
given the task-dependent HMMs previously trained. Similarly, Coutrot et al. (2018) proposed leveraging the
HMM representation of gaze dynamics to infer both tasks and stimuli during eye-tracking experiments. In
their approach, HMMs are first used to encapsulate the dynamics of individual gaze behavior. The resulting
HMM parameters — namely the priors, transition matrix coefficients, and the center and covariance matrix
coefficients of the Gaussian emissions — are then used as inputs for multiple machine learning-based
classifiers. These approaches, however, must be used with care, as small modification of these parameters,
can readily result in misclassification (Ellahi (2022)).

A significant limitation of the HMM approach is that the number of states must be defined prior to
training. This requirement is feasible for images with a predefined number of areas of interest but becomes
problematic for more complex or naturalistic stimuli. The a priori assumption of a fixed number of states
holds primarily for simple visual stimuli, such as synthetic images. To ensure a more data-driven approach,
the number of states should not be predetermined but instead optimized based on the recorded eye-tracking
data. One possibility is to employ validation and robustness measures to determine the number of clusters,
such as using the silhouette score (Elbattah et al.|(2023)) during the k-means clustering step that initializes
HMM inference or selecting the number of clusters that maximizes the a posteriori probability of the
training data (Haji-Abolhassani and Clark! (2014)).

Alternatively, several authors have proposed incorporating the selection of the number of clusters
directly into the HMM inference process, thereby eliminating the need for separate initialization steps
and enhancing the adaptability of the model. The variational approach to Bayesian inference offers a
solution for simultaneously estimating model parameters and determining model complexity (McGrory
and Titterington| (2009)). Specifically, variational inference places prior distributions on the parameters
of the emission densities, transition matrix, and initial state distribution, factoring them to compute the
maximum a posteriori estimate (Bishop (2006))). This method inherently determines the optimal number of
hidden states by pruning unnecessary ones, enabling an automatic selection of model complexity, including
the determination of the number of Aols (Chuk et al.| (2014, 2017); |Coutrot et al.[ (2018])).

On the other hand, the gaze representation offered by HMMs can be made more compact using Fisher
vectors, which are a concatenation of normalized HMM parameters into a single vector. For instance,
Kanan et al.| (2014, 2015) proposed to use Fisher vectors as input features for common classifications
algorithms — e.g. support vector machine classification algorithm — to infer an observer’s task. To
compute Fisher vectors an HMM — for instance with Gaussian emissions — is learned using maximum
likelihood estimation. The parameters of the HMM — including transition probabilities and the probability
of observing particular Aol fixation given the internal state — will then reflect the sequential information
in the data. The idea of a Fisher kernel is to compute how a new sequence of gaze data would change
the parameters of the model — i.e. the parameter gradients of the generative model when given a novel
gaze trajectory as input. Subsequently, two gaze trajectories from the same category will likely change the
model in the same way.

Finally, a variational approach (Coviello et al. (2014); Chuk et al.| (2014)) has been proposed for clustering
individuals HMM. The method, referred to as variational hierarchical expectation maximization (VHEM)
algorithm, clusters HMMs based on the hierarchical EM (HEM) algorithm. This approach allows clustering
a given collection of HMMs into groups of HMMs that are similar, in terms of the distributions they
represent. Furthermore, it characterizes each group by a cluster center, that is, a novel HMM that is
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representative for the group. To cope with intractable inference in the E-step, the HEM algorithm is
formulated as a variational optimization problem, and efficiently solved for the HMM case by leveraging
an appropriate variational approximation.

One of the main advantages of the VHEM approach lies in the fact that, once the clusters have been
learned, a gaze trajectory from a new observer can be compared with these models using a Viterbi decoder
— i.e. classified into the most similar class, considering the estimated log-likelihood score. For each cluster,
the VHEM algorithm also produces a representation HMM — cluster center — which summarizes the
common Aols and transitions in the cluster. Interestingly, if this approach does not produce a representative
sequence — see Section [5|— it produces a representative dynamical model between gaze data similarly
clustered.

4 PATTERN MINING AND CHARACTERIZATION

As discussed in the previous section, the Markov property provides a convenient and interpretable
framework for modeling gaze transitions between areas of interest. However, by construction, first-
order Markov models remain limited in their ability to capture long-range dependencies and higher-order
structures within gaze sequences. This limitation becomes particularly salient in cognitive tasks that involve
planning, reasoning, or strategy formation, where visual behavior often unfolds over extended temporal
scales.

To address these limitations, a broad family of methods has been developed to identify and characterize
recurrent patterns within Aol sequences. Rather than modeling gaze behavior as a sequence of memoryless
transitions, these approaches explicitly seek structured motifs, subsequences, or regularities that recur
across time or across observers. Such patterns may reflect stable visual strategies, task-specific routines, or
shared modes of information extraction that are not readily captured by transition-based models.

Pattern detection techniques span a wide methodological spectrum, ranging from exhaustive searches for
all subsequences of a given length to more flexible approaches that allow for temporal gaps, substitutions,
or variations in pattern structure. Importantly, these methods originate from the broader field of pattern
mining and sequential data analysis and are not specific to eye-tracking data. Their application to Aol
sequences therefore represents a methodological transfer, enabling gaze behavior to be analyzed using tools
originally developed for domains such as text processing, bioinformatics, or user interaction modeling.

In the context of gaze analysis, pattern mining approaches provide a complementary perspective to
probabilistic and graph-based models. By focusing on the identification of meaningful and recurrent
subsequences, they offer a direct way to uncover higher-level regularities in visual exploration, facilitating
the comparison of gaze strategies across observers, tasks, or experimental conditions. The following
sections review the main families of pattern mining methods that have been applied to Aol sequences,
along with their underlying assumptions and interpretative implications.

4.1 Lempel-Ziv Complexity

The complexity of visual scanning behavior can be quantified using Lempel-Ziv complexity (LZC), a
general-purpose measure originally introduced in the context of information theory to characterize the
structural richness of symbolic sequences (Lempel and Ziv|(1976))). In recent years, this metric has been
adapted to the analysis of eye-tracking data by applying it to sequences of transitions between areas of
interest, thereby providing a global, model-free descriptor of gaze dynamics (Lounis et al.|(2020)). Within
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the broader landscape of pattern mining approaches, LZC occupies a distinctive position, as it quantifies the
overall sequential complexity of gaze behavior without explicitly defining or extracting individual patterns.

Algorithmically, Lempel-Ziv complexity can be understood as an incremental parsing procedure applied
to a symbolic sequence. The Aol sequence is scanned from left to right, and each time a novel symbol
or combination of symbols is encountered — one that cannot be reconstructed from previously observed
subsequences — it is added to a dynamically growing codebook. This codebook thus represents the minimal
set of distinct subsequences required to encode the original sequence. Rather than identifying predefined
motifs, the parsing process implicitly captures the emergence of new structures as the sequence unfolds,
making LZC sensitive to both local novelty and global organization.

Subsequently, the Lempel-Ziv complexity of a sequence is defined as the size of this codebook, that
is, the number of distinct subsequences identified during the parsing process. Sequences characterized
by highly regular, repetitive, or stereotyped gaze transitions typically yield small codebooks and low
complexity values. In contrast, sequences that exhibit diverse transition structures, frequent novelty, or
less predictable ordering lead to larger codebooks and higher complexity scores. When applied to Aol
sequences, LZC therefore provides a compact summary of the richness of visual exploration strategies,
reflecting how constrained or diversified gaze behavior is over time.

One of the main advantages of LZC lies in its simplicity and computational efficiency. Because it does
not require an explicit definition of what constitutes a pattern, nor does it rely on assumptions about
the temporal scale, duration, or semantic relevance of gaze regularities, LZC can be readily applied to
a wide range of experimental paradigms. This property makes it particularly attractive for the analysis
of naturalistic or unconstrained viewing conditions, where gaze behavior may be highly variable across
observers and tasks, and where meaningful patterns may not conform to simple or predefined templates.

At the same time, several considerations are important when interpreting LZC values in the context of
gaze analysis. First, LZC is inherently sensitive to sequence length, as longer sequences provide more
opportunities for novel subsequences to emerge. As a result, comparisons across observers or conditions
typically require controlling for sequence length or applying appropriate normalization procedures. Second,
LZC depends on the symbolization scheme used to generate Aol sequences, meaning that differences in
Aol definition or granularity can directly influence complexity estimates. These dependencies highlight
that LZC should be interpreted as a relative rather than absolute measure of gaze complexity, meaningful
primarily within a given representational framework.

Finally, while LZC effectively captures the presence and degree of sequential structure, it does not
explicitly identify which subsequences or motifs contribute to this complexity. Consequently, LZC is best
viewed as a global descriptor that complements, rather than replaces, pattern mining methods aimed at
extracting and characterizing specific gaze patterns. In the following sections, we review approaches that
explicitly enumerate, compare, and summarize recurrent subsequences within Aol sequences, thereby
providing a more detailed and interpretable account of visual scanning strategies.

4.2 Common n-gram sequences

The use of composite probabilities derived from first — or second — order Markov chains has proven to
be a valuable approach for modeling visual perception in simple tasks, particularly when areas of interest are
not predefined, as discussed in Section [3] Markov models rely on a limited-memory assumption, whereby
the probability of transitioning to a given Aol depends solely on the current state. This property makes them
well suited for tasks involving relatively straightforward perceptual processes. However, this memoryless
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assumption may become overly restrictive when tasks require higher-order cognitive functions or complex
decision-making. To overcome these limitations, methods such as n-gram transition analysis have been
introduced. These approaches enable a more expressive representation of gaze transitions by explicitly
capturing higher-order dependencies across successive Aols, thereby facilitating a richer characterization
of visual dynamics in complex tasks.

Common n-gram sequences are a foundational concept in natural language processing (NLP), where they
have long been used for language modeling and text prediction. They have also found wide application
in bioinformatics, particularly for genome and transcriptome assembly, metagenomic sequencing, and
error correction of sequence reads, where they are commonly referred to as k-mers (Melsted and Pritchard
(2011)). In the context of Aol sequence analysis, an n-gram corresponds to a contiguous subsequence of n
successive Aols. Under this formulation, an n-gram model predicts the occurrence of a given Aol based on
the n — 1 preceding Aols, thereby encoding local temporal dependencies that extend beyond first-order
transitions.

To compute n-gram statistics, combinatorial methods are used to enumerate all possible subsequences
of length n defined over a given Aol alphabet. The occurrences of these combinations within the Aol
sequence are then counted and normalized by the total number of subsequences, yielding a distribution of
n-gram frequencies. This procedure can be applied to simple transitions between two Aols, referred to
as bi-grams, or extended to longer n-grams that capture increasingly rich temporal context. In principle,
there is no upper bound on the length of n-grams that can be analyzed. In practice, however, the number of
unique n-grams grows exponentially with n, leading to increasingly sparse distributions that can undermine
interpretability and statistical robustness (Kubler et al. (2017)). Consequently, the use of long n-grams is
typically constrained by computational feasibility and diminishing returns in terms of informative content.

In the specific context of Aol sequence analysis, n-gram methods have been applied to a variety of
cognitive studies to uncover underlying reasoning processes. For instance, Plummer et al. (2017) employed
tri-grams of Aol fixations to investigate how individuals reason about rational numbers, comparing fixation
sequences to determine whether observers relied on counting-based or comparison-based strategies. This
work illustrates how n-gram analysis can be used not only to describe gaze patterns, but also to probe the
temporal organization of information processing during reasoning tasks.

Beyond task-specific investigations, n-gram analysis has proven valuable in broader contexts aimed at
characterizing perceptual efficiency and expertise. For instance, Lounis et al. (2021) examined the frequency
of increasing-length n-grams to compare novice and expert pilots, while Wang et al. (2022) used n-gram
statistics to quantify cognitive processes and learning progression across trials in an airplane assembly task.
These studies demonstrate the utility of n-gram analysis for identifying patterns that differentiate expertise
levels or cognitive stages during task performance.

Several authors have further investigated the influence of n-gram length on the ability to discriminate
between observers or groups. In particular, Reani et al.| (2018]) reported that subsequences of four or more
Aols were often ineffective at distinguishing between groups in complex reasoning tasks, suggesting
that relatively short n-grams may be more informative for capturing meaningful patterns in human gaze
behavior. This finding emphasizes the importance of selecting an appropriate n-gram length that balances
representational expressiveness with statistical robustness.

To compare n-gram frequency distributions across observers or experimental conditions, divergence
measures such as the Hellinger distance (Hellinger| (1909)) have been shown to be particularly effective
(Reant et al. (2018))). This distance provides a stable, non-parametric measure of dissimilarity between
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discrete probability distributions and is less sensitive to zero-probability events than alternatives such as
the Kullback—Leibler divergence (Van Erven and Harremos| (2014))), making it well suited for the sparse
distributions commonly encountered in n-gram analysis.

In a broader methodological context, it is worth noting that n-gram analysis constitutes a foundational
component of more advanced sequence comparison and characterization approaches. For example, the
Subsmatch algorithm — described in the Scanpaths and Derived Representations part of this review series
— relies explicitly on n-gram representations to compare gaze sequences. More generally, n-grams serve as
versatile building blocks across a wide range of algorithms in different domains, underscoring their broad
applicability and methodological significance.

Despite their flexibility and interpretability, n-gram approaches remain limited by their reliance on
fixed-length, contiguous subsequences. They do not account for temporal gaps, variability in pattern
realization, or hierarchical organization of gaze behavior. As a result, while n-grams provide valuable
descriptive insight into local sequential structure, they may fail to capture more complex or temporally
flexible patterns of visual exploration. These limitations motivate the use of more expressive pattern mining
techniques, which aim to identify recurrent gaze patterns while allowing for temporal variability and
structural flexibility. Such approaches are reviewed in the following sections.

4.3 Sequential Pattern Mining

A distinct approach to analyzing Aol patterns of varying lengths relies on sequential pattern mining,
a specialized subfield of frequent pattern mining originally developed in the context of market basket
analysis (Agrawal et al.| (1993)). Unlike classical frequent itemset mining, sequential pattern mining
explicitly incorporates temporal ordering constraints, enabling the discovery of patterns that unfold over
time (Agrawal and Srikant| (1995)). More generally, sequential pattern mining algorithms are applicable
whenever the objective is to identify frequent subsequences in datasets composed of temporally ordered
elements, making them particularly well suited for the analysis of gaze trajectories expressed as Aol
sequences.

In eye-movement research, one of the earliest and most widely adopted families of sequential pattern
mining methods is based on the Apriori principle. Apriori-based sequential mining algorithms aim to
discover frequent ordered subsequences by exploiting the anti-monotonicity property of pattern support,
which allows infrequent candidates to be pruned early during the search process. These methods provide a
natural extension of frequent itemset mining to temporally ordered data and have been extensively used
in domains where interpretability and explicit pattern enumeration are desired. In the context of gaze
analysis, several Apriori-based sequential mining algorithms have been applied to analyze Aol patterns.
For instance, such approaches have been used to study how undergraduate computer science students read
and comprehend pseudo-code (Obaidellah et al. (2020)).

Originally proposed by Agrawal et al.| (1994), the Apriori algorithm identifies frequent itemsets through
an iterative, level-wise search strategy, in which frequent n-itemsets are used to generate candidate
(n + 1)-itemsets. This procedure is guided by the Apriori principle, which states that any superset of an
infrequent pattern cannot itself be frequent, thereby substantially reducing the search space. When adapted
to sequential data, Apriori-based methods enable the discovery of frequent ordered Aol subsequences.
However, despite their conceptual simplicity and interpretability, these algorithms remain computationally
demanding due to the need for repeated database scans and the combinatorial growth of candidate patterns.
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An important improvement over classical Apriori-based approaches is the Sequential Pattern Mining
(SPAM) algorithm, introduced by |Ayres et al.| (2002). SPAM adopts a depth-first search strategy combined
with a vertical bitmap representation of the data, allowing for efficient support counting and substantial
compression of the search space. This representation is particularly advantageous for mining long sequential
patterns, as it enables compact storage and fast logical operations. In the context of eye-movement analysis,
SPAM has been successfully applied to identify frequent Aol patterns across multiple scanpaths (Hejmady
and Narayanan| (2012)) and has also been used as a reference method for evaluating newly proposed pattern
discovery techniques (Eraslan et al.| (2016)).

Beyond Apriori-based and SPAM algorithms, other well-established mining techniques have also been
employed to characterize Aol sequences. For instance, |Geisler et al.| (2020) proposed using the MinHash
algorithm to efficiently assess similarity between Aol sequences. Their approach begins by extracting
fixed-length subsequences from Aol sequences using a sliding-window procedure that allows for gaps
between elements. The frequencies of these subsequences—conceptually similar to n-grams—are then
used to construct frequency dictionaries for each sequence. To compare these dictionaries efficiently, the
MinHash algorithm is applied to approximate the Jaccard similarity index between sequences. Although
not a pattern mining method in the strict sense, this approach enables scalable and robust comparison of
Aol sequences based on shared subsequence structure while maintaining computational efficiency.

In a broader methodological context, it is worth noting that sequential pattern mining occupies an
intermediate position between simple transition-based analyses and more flexible pattern discovery
frameworks. By allowing variable-length subsequences and temporal gaps, these methods overcome
some of the limitations inherent to fixed-order Markov models and fixed-length n-gram representations.
At the same time, their reliance on frequency thresholds and explicit pattern enumeration preserves
interpretability, making them particularly attractive for exploratory analyses of gaze behavior. Moreover,
n-gram analysis forms a foundational component of more complex comparison and characterization
approaches, such as the Subsmatch algorithm—described in the Scanpaths and Derived Representations
part of this review series—and more generally serves as a versatile building block across a wide range
of algorithms in different domains. These characteristics naturally motivate the introduction of more
expressive pattern detection techniques, discussed in the following sections, which further relax temporal
constraints and aim to capture recurrent visual strategies in a more flexible manner.

4.4 T-Pattern Detection

T-pattern detection was originally developed by Magnusson| (2000) to identify temporal and sequential
structures in behavioral science, particularly in the context of social interactions. Since its inception, this
approach has been applied across diverse fields (Mast and Burmester| (2011)) and has been extensively
utilized to uncover recurring patterns within viewer gaze dynamics in eye-tracking studies (Mast and
Burmester (201 1); Burmester and Mast (2010); |Drusch and Bastien (2012)). In eye-tracking research, the
primary objective of T-pattern analysis is to elucidate the temporal organization of visual behaviors that
occur frequently and recurrently, thereby revealing structured attentional routines that are not apparent
from fixation statistics alone.

As originally defined by Magnusson| (2000), a T-pattern is a sequence of events that satisfies two essential
criteria: (¢) the sequence occurs in the data more frequently than would be expected by chance, and (i7)
there exists a consistent temporal relationship between the events. Importantly, T-patterns do not require
deterministic timing; that is, the inter-event intervals may vary across occurrences and are treated as
stochastic rather than fixed quantities. The detection process therefore focuses on identifying a critical
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interval, which defines the characteristic temporal window within which successive events of the pattern
are expected to occur and distinguishes meaningful temporal structure from random co-occurrence.

The algorithm for T-pattern detection operates under the null hypothesis that the events being analyzed are
independent Bernoulli processes with constant probabilities of occurrence per time unit over the observation
period. Based on this assumption, the algorithm computes the probability that a second event occurs within
a specified time interval following a first event (Qazi et al. (2019)). Through an iterative and hierarchical
process, detected T-patterns are progressively combined with additional events or with previously identified
T-patterns, enabling the discovery of increasingly complex temporal structures. This procedure continues
until no further statistically significant T-patterns can be identified.

It is important to note that many of the algorithms discussed in the preceding sections primarily focus on
the sequential order of events, often disregarding the temporal intervals that separate them. Moreover, a large
class of classical data-mining approaches implicitly assumes constant or discretized time steps between
events. By explicitly incorporating temporal constraints, T-pattern detection introduces an additional layer
of complexity, both conceptually and computationally. As a result, this approach is particularly well suited
for Aol sequences of moderate size, for which variations in inter-event timing can be modeled without
incurring prohibitive computational costs.

Additionally, the detection of T-patterns is highly sensitive to the choice of the significance level parameter,
which directly influences the estimation of critical intervals as well as the number and length of the patterns
discovered. A stringent significance threshold typically yields fewer and shorter T-patterns, whereas a more
permissive threshold facilitates the detection of longer and more numerous patterns. T-patterns can also be
filtered according to various additional criteria, such as minimum pattern length or minimum number of
occurrences. Consequently, the results of T-pattern analysis are strongly dependent on parameter settings,
which may hinder reproducibility and complicate comparisons across studies if not carefully reported.

Finally, it should be mentioned that while Magnusson’s original T-pattern detection algorithm is not
freely available, a number of subsequent studies have provided detailed descriptions of the underlying
computational principles, along with several methodological improvements and extensions (Tavenard et al.
(2008]); [Salah et al.| (2010); Arora et al.[|(2017))). These contributions have clarified the statistical foundations
of T-pattern detection, proposed alternative search strategies, and introduced several refinements aimed at
improving robustness, computational efficiency, and interpretability. In doing so, they have broadened the
applicability of T-pattern analysis beyond its original scope and facilitated its integration into contemporary
analyses of gaze behavior and other forms of temporally structured behavioral data. Moreover, by making
the core ideas and algorithms more accessible, this body of work has enabled researchers to adapt T-pattern
detection to diverse experimental contexts and to combine it more readily with other sequence analysis
frameworks.

5 COMMON SUBSEQUENCE IDENTIFICATION AND CLUSTERING

As outlined in the previous sections, a wide range of methods have been proposed to identify patterns
within observer Aol sequences, either by detecting salient sub-sequences within a single Aol sequence or
by extracting recurrent patterns across a set of sequences. In these approaches, the objective is primarily to
characterize local or global regularities in gaze behavior without necessarily reducing the data to a single
representative trajectory.

Conversely, an alternative family of techniques aims to summarize a collection of Aol sequences by
identifying a single scanpath that is representative of the entire set, commonly referred to as a representative
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sequence or consensus sequence. When Aol sequences are used as abstractions of scanpaths, such consensus
representations provide a compact description of the visual strategies shared among a group of observers,
facilitating both interpretation and comparison across conditions or populations.

In this section, we introduce several algorithms that explicitly combine a common Aol subsequence
identification step with clustering mechanisms to organize multiple Aol sequences according to shared
visual patterns. By jointly addressing the problems of sequence comparison, grouping, and representation,
these methods enable the identification of coherent subgroups of observers and the extraction of
representative scanpaths for each group. As such, they constitute a natural continuation of the pattern mining
approaches described earlier, while shifting the focus from local pattern discovery to global sequence-level
synthesis.

5.1 Local Alignment Algorithms

Local alignment of sequences is a widely adopted technique, especially in bioinformatics, for uncovering
shared patterns within data sequences. In this section, the term local alignment is used in a broad sense
to refer to methods aimed at identifying common subsequences, independently of their absolute position
within the full sequences. The identification of the longest common subsequence (LCS) plays a critical
role in disciplines that analyze related or derived sequences. The goal of local alignment is distinct from
that of global alignment methods, which are comprehensively explored in the Scanpaths and Derived
Representations section of this review series (Laborde et al.| (2024¢)) in the context of scanpath comparisons.
Specifically, local alignment emphasizes identifying highly similar subsequences by aligning only the
segments that maximize the similarity score within two larger sequences. This approach enables the
detection of analogous sub-patterns, even when their positions vary across the sequences under comparison.
As a result, local alignment is particularly advantageous for isolating highly similar areas-of-interest
subsequences from Aol sequence representations of scanpaths, facilitating deeper insights into shared
patterns of visual exploration without necessitating global sequence alignment.

A common approach employed to solve the LCS problem between two string sequences leverages
dynamic programming (Bergroth et al. (2000)), a method for addressing optimization problems by breaking
them into smaller sub-problems and solving them iteratively in a bottom-up manner. Specifically, the
algorithm constructs a comparison matrix — or table — where one sequence defines the column indices
and the other defines the row indices. Each cell in the matrix represents the LCS at that stage, and the
matrix is filled iteratively following this rule: if the Aols corresponding to the current row and column
match, the current cell is assigned a value equal to one plus the diagonal element; otherwise, the cell
is assigned the maximum value of the previous row or column. The LCS itself can be reconstructed by
backtracking from the matrix’s final cell to the origin, following the recorded optimal paths. Meanwhile,
the length of the LCS is directly obtained from the value of the last cell in the matrix.

Alternatively, the Smith—Waterman algorithm (Smith et al.|(1981))), a highly regarded local alignment
method extensively used in bioinformatics for DNA and protein sequence analysis (Setubal et al.| (1997)),
has been proposed as a robust approach for identifying similar patterns between pairs of observer
Aol sequences (West et al.| (2006)). This algorithm is particularly well-suited for analyzing localized
correspondences between areas of interest, as it excels in identifying optimally aligned subsequences
within larger sequences. Similar to the LCS approach, the Smith—Waterman algorithm utilizes a dynamic
programming framework for pairwise sequence comparison; however, it introduces several critical
enhancements, foremost of which is the incorporation of a substitution matrix that assigns similarity
scores to pairs of Aols. Matches typically receive positive scores, while mismatches are assigned lower or
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negative scores, allowing for a flexible similarity metric. This metric can be adapted to specific applications,
for example, by reflecting spatial distances between the geometric centers of Aols or, in more complex
cases, semantic relationships between their contents. Another key feature is the algorithm’s ability to handle
gaps in alignment through a gap penalty function. This function assigns costs for opening and extending
gaps, balancing the trade-off between alignment flexibility and sequence integrity. The parameters of the
gap penalty function can be customized to suit specific contexts, enabling the algorithm to manage varying
levels of sequence fragmentation or noise effectively.

Locally aligning sequences enables the evaluation of pattern similarity between pairs of Aol sequences,
a capability particularly valuable in domains such as clinical reasoning. For example, locally aligned
Aol sequences can be used to assess expertise by identifying overlap regions between the Aol sequence
of a learner and a reference or optimal sequence (Jraidi et al.| (2022)). This approach highlights areas
where the learner’s focus aligns with the reference, providing insights into their cognitive and visual
processing strategies. Beyond pairwise comparisons, some studies have extended local alignment—based
analyses to groups of observers in order to detect and classify distinctive visual strategies. For instance,
Castner et al. (2020b) proposed a method to distinguish expert and novice dentists in their interpretation of
dental radiographs. This approach uses hierarchical clustering based on a distance matrix derived from
Smith—Waterman pairwise distances. However, this method does not apply local alignment directly to raw
Aol sequences; instead, it analyzes features extracted from observers’ scanpath trajectories. This adaptation
allows the analysis to focus on high-level features of the visual exploration process, such as fixations
and transitions, rather than the raw Aol sequence data, providing a more abstracted but still meaningful
representation of visual attention.

A related approach is the eMINE algorithm introduced by [Eraslan et al.| (2014)), which explicitly bridges
pairwise sequence comparison and multi-sequence synthesis. This method combines both global and
local alignment techniques to generate a consensus or abstracted string representation from a set of Aol
sequences. The process begins by applying the Levenshtein distance, a global sequence similarity measure,
to identify the two most similar sequences within the set (Laborde et al.| (2024¢)). Next, the LCS technique
is applied to these sequences to extract their common subsequence, representing the shared visual attention
patterns between them. Once the common subsequence is identified, the two original sequences are replaced
by this shared subsequence within the set, and the process repeats iteratively until a single consensus Aol
sequence remains. This iterative procedure facilitates hierarchical clustering, uncovering common visual
strategies among observers and providing insights into shared patterns of visual attention.

While the eMINE algorithm provides valuable insights into overarching visual patterns, it also has certain
limitations. Specifically, in scenarios involving numerous observers exhibiting slightly divergent visual
dynamics, the intermediate steps of the process may lead to the loss of critical visual elements. The creation
of short common subsequences at these stages may fail to capture the subtleties of individual observers’
strategies, particularly when dealing with heterogeneous or highly variable Aol data. Although hierarchical
clustering in eMINE offers the advantage of grouping similar visual strategies, its effectiveness is contingent
on the degree of similarity between the sequences being analyzed. For groups of observers with considerable
variability, this method may require further refinement or the incorporation of additional metrics to preserve
the richness of the original sequences and prevent excessive abstraction during intermediate stages.

5.2 Trend Analysis

As previously discussed, common sequences identified through local alignment-based techniques often
suffer from reductionism, resulting in scanpaths that are too short for meaningful analysis or further
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processing. This limitation arises because such algorithms typically retain only those visual Aols that are
shared across all individual Aol sequences, thereby discarding visual elements that appear in a large subset
of observers but not universally. As a consequence, small yet behaviorally meaningful individual deviations
are frequently overlooked. To address this limitation, Eraslan et al. (2016)) introduced the scanpath trend
analysis (STA) approach, which provides a more inclusive clustering strategy. STA not only identifies
visual Aols visited by all observers but also accounts for Aols visited by the majority, independently of the
order in which they are observed.

It is important to note that the term scanpath is somewhat misleading in this context. Indeed, the initial
step of the STA algorithm consists in transforming each scanpath into a sequence of visual elements,
making STA particularly relevant for the analysis of Aol sequences. Accordingly, the algorithm first
represents individual inputs as sequences of visual elements, which effectively correspond to Aol sequences
augmented with fixation durations associated with each visual region.

The STA algorithm operates in two main stages. In the first stage, successive fixations on the same visual
element are concatenated, and each visit to a given visual element is defined as a visual instance. Each
instance is characterized by the identity of the visited visual element and a value reflecting the duration of
the visit relative to other instances associated with the same element. The algorithm then analyzes these
visual instances to identify trending visual elements. If a visual instance is shared across all individual
sequences—optionally allowing for a tolerance parameter (Eraslan et al. (2017]))—it is considered trending.
Visual instances that are not fully shared across all sequences are subsequently evaluated based on the
amount of attention they receive, quantified in terms of fixation frequency and associated dwell time.
Notably, STA does not rely on predefined thresholds. Instead, these criteria are derived directly from the
data: a visual instance is considered trending if (7) its total number of fixations is greater than or equal to
the minimum fixation count observed for fully shared instances, and (i7) its dwell time is greater than or
equal to the minimum dwell time associated with fully shared visual instances.

In the second stage, the STA algorithm constructs a trending sequence from the set of identified trending
visual instances. To determine the position of each instance within the final sequence, STA assigns a
priority value reflecting its relative position within the individual input sequences. These priority values are
then aggregated across all observers, and the resulting score is used to determine the ordering of visual
elements in the consensus sequence. A visual instance that is not shared by all individual sequences—and
whose aggregated priority value falls below the minimum priority of fully shared instances—is excluded
from the final trending sequence.

Conceptually, STA occupies an intermediate position between strict consensus-sequence extraction and
frequency-based pattern mining approaches, offering a compromise between robustness to inter-individual
variability and the preservation of an interpretable ordered representation of gaze behavior. Originally
developed and evaluated for the analysis of visual behavior on web pages, the STA algorithm has since
been applied in a variety of contexts. For instance, it has been used in programming-related tasks to identify
common code-reading strategies, with the aim of informing the design of pedagogical interventions and
improving program comprehension skills (Ahsan and Obaidellah (2023); Tablatin and Rodrigo| (2018))).
STA has also been employed to investigate differences in Aol sequences between autistic and neurotypical
individuals, providing insights into behavioral and cognitive variations in visual attention patterns (Eraslan
et al. (2020)). These diverse applications highlight the versatility of STA as a method for capturing shared
visual strategies while accommodating individual variability.
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5.3 Candidate-Constrained Dynamic Time Warping Barycenter Averaging

Recently, Li and colleagues introduced the candidate-constrained dynamic time warping barycenter
averaging (CDBA) method, an advanced algorithm for scanpath aggregation (L1 et al.| (2017); Li and Chen
(2018))). The core idea behind CDBA is to aggregate multiple Aol sequences into a single, representative
sequence by computing the barycenter of the experimentally recorded sequences. In this context, the
barycenter can be understood as a sequence that is, on average, optimally aligned with all input sequences.
More specifically, the algorithm seeks to determine a representative Aol sequence that minimizes the mean
dynamic time warping distance to each individual sequence, thereby capturing a consensus sequence that is
centrally positioned within the set of observed gaze behaviors. This formulation explicitly integrates both
spatial proximity and temporal ordering into the construction of the representative scanpath.

The CDBA algorithm builds upon the dynamic time warping barycenter averaging (DTWBA) framework
originally proposed by Petitjean et al.| (201 1)) and operates through two main iterative steps. In the first step,
the algorithm computes the dynamic time warping (DTW) distance between each individual Aol sequence
and an initially defined reference Aol sequence, which is typically randomly initialized — for a detailed
presentation of DTW and its properties, the reader is referred to the Scanpaths and Derived Representations
part of this review series (Laborde et al. (2024c))). This alignment step establishes an optimal temporal
correspondence between each input sequence and the current reference sequence, allowing for non-linear
temporal deformations.

The second step, referred to as the update step, consists in refining the reference Aol sequence based
on the alignments obtained in the first step. Each element of the reference sequence is updated using
a constrained barycenter computed from the Aols aligned to that position across all sequences. This
constrained barycenter is defined as the Aol that minimizes the average distance to the aligned visual
elements while satisfying two key constraints: (i) any two contiguous Aol components in the reference
sequence must also appear contiguously in at least one of the individual input sequences, and (i7) the
occurrence count of any Aol component in the reference sequence must not exceed its maximum occurrence
count across the set of input sequences. These constraints ensure that the resulting consensus sequence
remains consistent with the structural ordering and frequency characteristics of the original data.

The two steps are iteratively repeated until convergence, that is, until the reference Aol sequence remains
unchanged across successive iterations, yielding a final representative Aol sequence. Notably, in their
original implementation, L1 et al.|(2017) performed the DTW alignment at the level of individual fixations
rather than directly on Aol centers. In this formulation, DTW is computed between fixation sequences and
the reference Aol sequence, and the aggregation process is subsequently expressed at a higher level of
abstraction during the update step. Specifically, each component of the reference scanpath is updated with
the Aol that minimizes the average distance to all fixations aligned to that position. This hybrid formulation
allows the algorithm to retain fine-grained spatial information during alignment while producing a symbolic
Aol-based representation as the final output.

However, the constant switching between two levels of abstraction — fixations and Aols — can be
somewhat confusing, as it blends both detailed fixation-level information with higher-level Aol-based
representations. Moreover, there are two important factors to consider when initializing the iterative
refinement process: (i) the length of the initial reference sequence, and (i7) the specific elements that
comprise the sequence (Petitjean et al. (2011)). Although these factors have been recognized in the
DTW Barycenter Averaging literature, they have not been explicitly addressed by |Li et al. (2017)) in the
context of the CDBA algorithm. Specifically, the length of the starting reference Aol sequence, when the
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input sequences vary in length, could significantly affect the process of generating a consensus sequence.
Inadequate consideration of these factors may lead to suboptimal convergence or misalignment, impacting
the accuracy and interpretability of the resulting aggregated scanpath. Compared to frequency-based or
alignment-based consensus methods such as STA or eMINE, CDBA explicitly optimizes a geometric
notion of centrality under temporal alignment constraints, making it particularly suitable when spatial
information and sequence timing are critical.

5.4 Dotplot Clustering

Dotplots are a sequence comparison technique used to measure the similarity between two or more
symbol sequences by highlighting common subsequences and shared symbolic patterns. This method
provides a graphical representation for sequence comparison, offering an intuitive visualization of matching
subsequences. It allows the comparison of sequences of different lengths, naturally accounting for gaps,
while preserving the temporal aspect of the Aol sequence. Dot plots have been applied in various fields of
string analysis, such as plagiarism detection in literature and informatics (Church and Helfman| (1993)),
and the study of biological sequences, also known as the diagram method (Gibbs and MclIntyre (1970)),
the enhanced graphic matrix procedure (Maizel Jr and Lenk|(1981)), or dot-matrix plots (Huang and Zhang
(2004)).

In brief, a dotplot can be considered a discrete variation of a cross recurrence plot — for a detailed
discussion, refer to the Scanpaths and Derived Representations part of this review series (Laborde et al.
(2024c)). The dotplot matrix visualizes the temporal coupling between two Aol sequences, with the vertical
axis representing Aols from the first sequence and the horizontal axis representing Aols from the second
sequence. A dot is placed when fixations from both sequences coincide within the same Aol, and the
position is left empty otherwise.

Once the dotplot is computed, representative scanning strategies can be derived. These are reflected by
diagonally aligned sequences of dots, representing common sub-sequences or recurring patterns of Aol
sub-sequences across both sequences. Note that, while recent studies have proposed using cross-recurrence
quantification analysis between Aol centers to quantify visual attention and workload variations (Atweh
et al.| (2023)), the dotplot approach leverages the semantic abstraction provided by Aols more effectively.
It focuses not on the geometric properties of the visualized regions, but on their categorical membership
within the same Aol.

Additionally, in the context of eye movement analysis and Aol pattern assessment, some researchers
have suggested accounting for the differential frequency of Aol occurrences — as some Aols are more
frequent than others — by weighting each dot (Goldberg and Helfman| (2009)). Specifically, a weighting
function introduced by |Church and Helfman| (1993) assigns to each dot the inverse of the frequency of
that Aol in the concatenated sequence. This allows each dot to be classified as a significant match or not,
based on whether its weight exceeds a predefined frequency threshold. This threshold may be manually set
(Goldberg and Helfman! (2010)) or computed experimentally, with significant matches corresponding to
weights greater than one standard deviation from the mean.

Beyond simple qualitative analysis, Goldberg and Helfman| (2009) proposed a two-step linear regression
process to extract statistically significant patterns from dot plot pairs derived from a set of Aol sequences.
In the first step, a linear fit is applied to the significant dots. If the coefficient of determination of the fit
falls below a predetermined threshold, it is concluded that there is no common scanning strategy between
the two Aol sequences, and another pair is considered. In a second step, if the regression line is deemed
acceptable, a second linear fit is performed on the points within a small distance from the regression line.
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The final common pattern in the two Aol sequences is defined as the sequence of dots closest to this new
fit. The matching distance is quantified as the number of sequentially matching Aols between the two
sequences. This two-step procedure can be iteratively applied to each pairwise comparison, allowing for
the identification of additional patterns in the input sequences

Subsequently, clustering algorithms, such as hierarchical clustering, have been proposed (Goldberg and
Heltman (2010)) to identify strategies and sets of scanned regions that match progressively larger numbers
of Aol sequences and individuals. To hierarchically cluster multiple Aol sequences, the two most similar
sequences are first selected from the input set based on the dotplot matching distance defined above. These
sequences are then replaced by their common regression sequence. This process is iteratively repeated until
only a single sequence remains, which represents the common, or dominant (Albanesi et al.| (2011)), Aol
sequence.

It is important to note that hierarchical clustering can be used in conjunction with other comparative
methods that enable the computation of distances between pairs of Aols. As such West et al.| (2006)
employed hierarchical clustering techniques to directly analyze visual sequences using distance matrices.
These distance matrices were computed using the Levenshtein distance or the Needleman-Wunsch distance
between pairs of visual sequences. A detailed discussion of these distance measures can be found in the
Scanpath and Derived Representations part of this review series (Laborde et al.|(2024c])). This leads to
several important observations. First, many of the techniques discussed in this work can be combined to
refine our understanding of visual dynamics. Second, certain methods presented in the Scanpaths Analysis
section can be adapted for the analysis of Aol sequences. In particular, methods derived from string edit
distances, which take sequences of symbols as input, can be effectively applied in this context

Finally, dotplot-based approaches illustrate how symbolic sequence comparison, statistical filtering, and
hierarchical clustering can be combined to uncover dominant visual strategies, reinforcing the idea that
meaningful consensus scanpaths emerge from the interplay between local pattern alignment and global
sequence organization.

6 VISUALIZATION METHODS

Quantitative methods have gained prominence in recent decades for their systematic approaches to
identifying distinct gaze behaviors across populations or in response to various stimuli. However,
visualization techniques offer a complementary, exploratory, and qualitative framework for analyzing
gaze data. Beyond their descriptive role, such techniques are particularly valuable for examining the
spatio-temporal organization of gaze behavior, revealing complex relationships that may remain difficult to
capture through numerical summaries alone. By providing an intuitive understanding of gaze dynamics,
visualizations facilitate hypothesis generation, interpretation, and communication of results, which can
subsequently be tested or refined using quantitative methods.

While several reviews have addressed general approaches for visualizing eye-tracking data Blascheck
et al.[ (2014, 2017); |Claus et al.| (2023)), this section specifically focuses on techniques designed to visualize
Aol sequences. These methods emphasize the dynamics of transitions between areas of interest and the
temporal structure of gaze behavior, often building directly on the analytical frameworks introduced in
the previous sections. By visually depicting how gaze progresses across Aols and how these regions are
interconnected over time, such visualizations provide an interpretable bridge between symbolic sequence
representations and the underlying cognitive and perceptual processes driving visual attention.
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6.1 Spatio-Temporal Based

Beyond their illustrative value, spatio-temporal visualizations of Aol sequences are often used in
conjunction with quantitative models of gaze behavior. In particular, they provide an intuitive means
of inspecting, validating, and interpreting temporal structures revealed by transition-based, entropy-based,
or pattern-mining analyses. Among the earliest spatio-temporal visualizations of gaze data, the time plot
Itoh et al.| (2000); [Raihi et al.| (2005) represents discrete areas of interest along the vertical axis and time
along the horizontal axis.

Alternatively, gaze duration sequence diagrams depict fixation durations within Aols as continuous
segments along the vertical axis, with horizontal transitions indicating shifts of attention between regions
Raschke et al.[(2012). Variants of these approaches appear frequently in the literature under different names,
yet they share a common structure: Aols are arranged along parallel timelines on one axis, while the other
axis encodes temporal progression Crowe and Narayanan| (2000); Holmqvist et al. (2011); Weibel et al.
(2012). Figure @] provides a representative illustration of these methods. These visualizations can be applied
to individual participants, aggregated groups, or multiple observers displayed in parallel—often using color
coding to differentiate them. However, when many participants are overlaid, the resulting visual clutter can
substantially reduce interpretability.

To enable comparison between observers, the scarf diagram provides a simple yet effective method for
spatio-temporal Aol visualization (Burch et al.|(2021); Bakardzhiev et al.| (2021); Richardson and Dale
(2005); Kurzhals et al.| (2017)) — see Figure[5] This technique represents areas of interest along the vertical
axis, with time progressing on the horizontal axis. Each Aol is assigned a distinct color, and individual
time bars are plotted for each observer. These bars are color-coded to indicate the Aol being observed at
any given moment, enabling an intuitive depiction of gaze transitions over time.

Although scarf diagrams were not explicitly designed to visualize recurrent sequences, they facilitate the
comparison of eye movements across multiple participants and support the identification of simple temporal
patterns, such as sustained attention on a specific Aol or simultaneous focus on similar regions across
observers (Claus et al.|(2023)). However, their effectiveness decreases when applied to more complex
datasets. In particular, their ability to convey long or intricate gaze patterns is limited when sequences span
extended time periods or involve multiple overlapping transitions. As the number of Aols increases, scarf
diagrams also become prone to visual clutter, which can substantially reduce interpretability and hinder the
extraction of meaningful insights.

To address these limitations, Yang and Wacharamanotham (2018) extended scarf plots by introducing
Alpscarf, a compact visualization technique designed to facilitate the identification of visual patterns.
Alpscarf incorporates three main extensions: (¢) perceptually optimized color palette heuristics, (i) three
additional visual components — mountains, valleys, and creeks — and (i7i) two alternative modes of
scarf width, namely transition-focus and duration-focus. First, the color heuristics (Bianco et al.| (2015))
assign each Aol group—implicitly reflecting a predefined Aol hierarchy—a specific color hue, thereby
minimizing perceptual similarity between adjacent groups and improving visual discrimination. Secondly,
Alpscarf introduces three visual components surrounding each scarf. The height of the mountains reflects
Aol visits that follow a user-defined expected order (e.g., sequential paragraph reading resulting in
prominent mountain structures). The depth of the valleys indicates instances of revisits, with frequent
revisits appearing as wider or deeper valleys. Both mountains and valleys leverage the position channel
to encode transition patterns, while the gaps between the scarf and these components—referred to as
creeks—visually emphasize deviations from expected viewing behavior.
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Figure 4. Time plot. A time plot is presented: each colored horizontal line represents an Aol, while the
black line traces an individual’s gaze over time — along the horizontal axis — as it transitions from one
Aol to another. Despite its simplicity, this method is well-suited for examining the gaze dynamics of a
single viewer between Aols over time.

Finally, Alpscarf offers two modes of scarf width: duration-focus, in which bar width corresponds to
the logarithmic fixation duration, and transition-focus, in which all bars are displayed with equal width to
emphasize transitions rather than dwell times. More generally, scarf-based representations, and Alpscarf in
particular, are frequently used as exploratory complements to sequence analysis methods. They enable
researchers to visually assess group-level regularities, temporal alignment, or deviations in gaze behavior,
which can subsequently be formalized and quantified using Markov models, entropy-based metrics, or
common subsequence analyses.

Another visualization technique closely related to scarf plots is the gaze stripe (Kurzhals et al. (2015)).
Similar to scarf plots, this method maps time along the horizontal axis and participants along the vertical
axis. However, instead of relying solely on color coding, a thumbnail image capturing the local visual
context of the stimulus is extracted for each gaze data point and aligned along the timeline. To facilitate
the identification of patterns in gaze sequences based on their similarity, Kurzhals et al.[(2015)) introduced
a hierarchical clustering method. In this approach, gaze sequences are represented as leaf nodes, and a
cluster hierarchy is constructed using an agglomerative hierarchical clustering algorithm (Hastie et al.
(2009)). Similarity between sequences is quantified using a distance metric based on the correlation of hue
and saturation histograms derived from the thumbnails. The resulting dendrogram provides a powerful
exploratory tool for analyzing sequence similarities and uncovering underlying structural patterns in gaze
behavior.

The use of 3D graphics has also been proposed to simultaneously represent the horizontal and vertical
components of the visual field alongside the temporal dimension. However, the introduction of a third
dimension requires careful consideration. Perspective effects can complicate the estimation of element
sizes, while occlusion caused by overlapping elements may lead to information loss. In the specific context
of eye movement analysis, the space-time cube (Kurzhals and Weiskopf (2013))) has been introduced as a
promising visualization technique. In this representation, the horizontal and vertical dimensions describe
spatial gaze distribution, while time is mapped to the Z-axis. The visual stimulus is displayed at the base of
the cube, with gaze trajectories emerging from it and evolving as viewing time progresses. To enhance
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Figure 5. Scarf plot. An illustration of a scarfplot is presented, with six individuals — or six successive
recordings from a single individual — displayed along the vertical axis. Time is represented on the
horizontal axis, while transitions between Aols for each individual are shown through changes in color,
with each Aol assigned a specific color.

interpretability, segments of gaze traces corresponding to specific areas of interest can be highlighted using
Aol-consistent color coding. This approach further supports interactivity and dynamism, allowing analysts
to rotate the cube or animate it along the temporal axis (Kurzhals and Weiskopf| (2013)). Despite their
visual appeal, however, such 3D representations share the main limitations of scarf-based approaches: they
provide limited support for exploring complex temporal models and become less practical when dealing
with a large number of input—output relationships.

We conclude this section by introducing Aol rivers (Burch et al. (2013))), an interactive visualization
method designed to explore time-varying fixation frequencies alongside transitions between areas of interest
in data collected from a large number of participants. This method employs a Sankey diagram (Riehmann
et al. (2005)), which provides an overview of frequently visited Aols over time while highlighting
transitions between them. Each Aol is visualized as a color-coded river, with its thickness at any given time
corresponding to the frequency of visits to that Aol, normalized relative to the maximum Aol frequency
sum across all time units. The river flows from left to right, dynamically changing width to reflect
temporal variations in attention. More specifically, transitions between Aols are depicted as color-coded
sub-rivers connecting the main Aol rivers, representing transitions between areas over time. Note that
this representation also accounts for gaze points that are not directly inside an Aol but leave or enter one
at a later time, which are displayed as effluents and influents. An example Sankey diagram is provided
in Figure [6] to illustrate this approach. While Aol rivers provide an effective overview of time-varying
attention frequencies, they are less suited for revealing hierarchical or long-range sequential structures in
gaze behavior. As noted by Burch and colleagues (Burch et al.|(2013))), these representations are most
effective when applied to datasets with a limited number of areas of interest. Consequently, Aol rivers
are best viewed as a complementary tool that emphasizes aggregate temporal trends rather than detailed
sequential dependencies, motivating the use of transition- and pattern-based visualizations introduced in
the following subsection.

More generally, spatio-temporal Aol visualizations serve as a conceptual bridge between raw gaze
recordings and abstract sequence-based representations. By explicitly encoding both the temporal evolution
of attention and the transitions between areas of interest, these visualizations provide an interpretable
intermediate layer that facilitates hypothesis generation and exploratory analysis. In practice, they enable
researchers to visually inspect recurrent patterns, temporal alignments, or deviations across observers,
which can subsequently be formalized and quantified using the computational models introduced in the
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Figure 6. Sankey diagram. An illustration of a Sankey diagram is provided, where each Aol is represented
by a distinct color-coded stream. The width of each stream reflects the frequency of visits to the
corresponding Aol at any given time, with thicker sections indicating greater attention. The streams
flow from left to right, dynamically adjusting in width to depict temporal variations in attention distribution.
Transitions between Aols are represented by interconnecting, color-coded sub-streams that bridge the
primary streams, effectively visualizing the movement of attention between different areas over time.

preceding sections. As such, spatio-temporal visualizations play a critical role in validating, contextualizing,
and complementing quantitative analyses, ensuring that higher-level sequence models remain grounded in
the underlying gaze dynamics.

6.2 Transition Based

Visualizing the transitions of an observer, or, where applicable, a group of observers, presents a significant
challenge due to issues such as visual clutter and the loss of explicit temporal information, which may
obscure the underlying visual strategies employed by the observer. As a result, various visualization
techniques have been proposed to improve the representation and interpretation of transitions between
areas of interest (Aols).

One of the simplest approaches consists in visualizing a previously computed Aol transition matrix
(Goldberg and Kotval| (1999); Krejtz et al.|(2013))), as described in Section In a transition matrix, Aols
are ordered along the horizontal axis — rows — and the vertical axis — columns — and each cell contains
the count or proportion of transitions between the corresponding Aols. A color scale is commonly applied
to encode the frequency or intensity of gaze transitions, yielding a compact visual summary of pairwise
transition probabilities — as illustrated in Figure [3al This representation provides a direct visual counterpart
to a Markov-based transition model and retains all pairwise transition statistics. However, despite this
quantitative completeness, transition matrices remain limited from a perceptual and exploratory standpoint.
In particular, they do not explicitly convey temporal ordering or higher-order sequential structure, and are
often considered less expressive than graph-based visualizations, such as directed graphs, which offer a
more intuitive depiction of gaze dynamics between Aols.

A directed graph is a visualization that depicts transitions between areas of interest, with each node
representing an Aol and each directed edge illustrating a transition between two Aols. Although these
diagrams are most commonly used to represent the eye movement dynamics of a single participant, they
can also be constructed from aggregated or averaged data across multiple observers. In addition, nodes can
be resized or color-coded to encode auxiliary metrics, such as fixation duration or visit frequency, while
the thickness of the directed edges typically reflects the frequency or probability of transitions between the
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corresponding Aols. While many visualization techniques present the graph independently of the stimulus
(Itoh et al.| (1998); [Fitts et al. (2005); Tory et al. (2003))), in-context directed graphs embed the graph
directly within the visual stimulus (Holmqvist et al.| (2003); Hooge and Camps| (2013); |Opach et al.[(2014))
— as illustrated in Figure [3b] This integration enhances interpretability by enabling a direct correspondence
between Aol transitions and stimulus content (Blascheck et al. (2017)), thereby facilitating a more intuitive
understanding of gaze behavior.

However, directed graphs also exhibit several inherent limitations. By construction, they are restricted to
the representation of sequential pairs of fixations, i.e. first-order transitions between Aols, which limits
their ability to convey longer and more complex gaze patterns. Moreover, as the number of areas of
interest increases, directed graphs tend to suffer from visual clutter, making large-scale transition structures
increasingly difficult to interpret. Although a variety of graph visualization techniques have been proposed
to mitigate these issues (Von Landesberger et al. (2011)), scalability remains a central challenge, motivating
the development of alternative transition-based visualizations that better capture higher-order structure and
global gaze dynamics.

An interesting alternative to directed graphs is the use of chord diagrams, a class of visualization
techniques designed to represent pairwise relationships between nodes in a compact and symmetric manner.
Their simplicity and intuitive radial layout — in which all nodes can be directly connected to one another
— has led to their widespread adoption in affiliation and relational visualizations Rees et al. (2020). In the
context of gaze analysis, chord diagrams have recently been proposed as effective tools for highlighting the
global structure of eye movement transitions (Connor et al. (2020); (Castner et al. (2020a); Wang (2021);
Claus et al.|(2023)). In a typical chord diagram, each Aol is represented as a segment along the outer
circumference of a circular layout. Arcs, or chords, are drawn between Aols, with the width of each arc
proportional to the frequency of transitions between the corresponding visual elements. By construction,
these arcs are symmetrical and therefore do not encode directionality, instead capturing the overall strength
of association between pairs of areas of interest (Blascheck et al.| (2013)).

To provide more specific information about gaze dynamics, color-coding schemes can be incorporated
(Connor et al. (2020)) to encode the direction of transitions, for instance by indicating the Aol from
which a transition originates. While this refinement enhances interpretability, it may also increase visual
clutter, potentially reducing the clarity of the visualization when many Aols or transitions are present. An
illustration of this approach is shown in Figure[/| Although chord diagrams are most often used to visualize
the gaze dynamics of individual observers, they have also been employed for group-level comparisons. For
example, Connor et al.| (2020) designed chord diagrams in which arc widths represented differences in
transition frequencies between populations with varying levels of expertise, thereby emphasizing contrasts
in visual strategies. Taken together, matrix-, graph-, and chord-based representations offer complementary
perspectives on gaze transitions, trading temporal specificity and directionality for structural readability
and global relational insight.

To refine transition visualization, |Blascheck et al. (2016)) proposed to introduce hierarchical structure
between Aols. Specifically, they distinguish between two types of hierarchy: (i) a spatial hierarchy with
stimuli presenting nested Aols, and (ii) a semantic hierarchy between Aols. Once a hierarchy is established
between areas of interest, Blascheck and colleagues proposed two complementary visual refinements:
a hierarchical transition matrix and a graph-based representation grounded in an Aol tree structure.
The proposed transition matrix visualization enhances a standard transition matrix by incorporating a
hierarchical structure for the Areas of Interest, with the hierarchy displayed as a dendrogram positioned
along the top and left sides of the matrix. Each Aol is represented both in the rows and columns of the
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Figure 7. Chord diagram. An illustration of a chord diagram is presented, where each Aol is represented
as a segment along the circumference of a circular layout. Arcs, or chords, link the Aols, with the width of
each arc proportional to the frequency of transitions between the respective visual elements. A color-coding
scheme is employed to denote the direction of transitions, with arcs taking on the color of their source Aol.

matrix, and a color-coding scheme is applied to reflect the relative importance of transitions associated with
each Aol. Specifically, the color of the row headers indicates the total number of outgoing transitions from
a given Aol, while the color of the column headers represents the total number of incoming transitions to
that Aol.

In addition to the matrix visualization, the Aol hierarchy can be further explored using an Aol tree
representation. This tree structure utilizes indented pixel tree plots Burch et al.| (2010), where each
hierarchical element is represented by a rectangle, and the indentation of these rectangles corresponds to
their hierarchical level. The root class and intermediate hierarchical classes are visually distinguished by
vertically expanded rectangles, while the leaf nodes, which correspond to individual Aols, are represented
by smaller squares. Subsequently, transitions between Aols are visualized in a manner similar to directed
graphs, with arcs connecting the leaf nodes corresponding to individual Aols. The width of each arc
encodes the frequency of transitions, providing an intuitive visual cue for the intensity of gaze activity
between regions.

The methods discussed thus far primarily focus on analyzing sequential pairs of fixations, i.e. transitions
between two areas of interest. While informative, such pairwise representations provide only a limited
view of gaze behavior, as they fail to capture the broader temporal organization and global structure of eye
movement sequences. To overcome this limitation and represent the overall dynamics of gaze transitions,
the hierarchical flow of eye movements approach introduced by |Burch et al.| (2018)) proposes an innovative
graph-based visualization.
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Figure 8. Flow diagram. An illustration of a flow diagram is provided, where Aols are depicted as
circular nodes arranged in vertically stacked layers according to the average order of their appearance in
the analyzed sequences. Nodes corresponding to Aols with earlier occurrences are positioned higher in the
diagram, establishing a top-to-bottom flow. Transitions between Aols are visualized as directed edges, with
the thickness of each edge proportional to the frequency of the transitions, effectively highlighting the flow
and magnitude of attention shifts.

In this approach, areas of interest are represented as vertices in a graph and visually depicted as circular
boxes, as illustrated in Figure [8] These vertices are organized into vertically stacked layers according to
the average order in which they appear within the analyzed Aol sequences. The resulting top-to-bottom
layout reflects the typical progression of visual attention, with Aols associated with earlier occurrences
positioned higher in the diagram. Similar to directed graphs, transitions between Aols are represented
by oriented edges, whose thickness encodes transition frequency. The visualization thus builds upon a
previously computed Aol transition matrix to highlight dominant transition patterns. Unlike standard
directed graphs, however, the layered structure explicitly embeds temporal ordering into the spatial layout,
allowing dominant gaze flows and global viewing strategies to be interpreted at a glance.

To highlight visual patterns at the sequence level, a word tree (Wattenberg and Viégas| (2008)) visualization
can be employed to compare Aol sequences across multiple observers. Tree structures are particularly well
suited for illustrating the sequential organization of gaze patterns. In a word tree, each node represents an
Aol, and branches display subsequent Aols or subsequences of Aols—many branches indicating a diversity
of search strategies—thereby mapping the flow of gaze behavior. Each path from the root to a leaf node
represents a unique observed Aol sequence, and, with the exception of the root, each node is connected to
its parent by a curved link to ensure visual continuity. The size of a node’s label reflects the frequency of
sequences containing the Aol at that position; by construction, the frequency at a node is always greater
than or equal to the sum of its children. Word trees may be either left-rooted or right-rooted, enabling
analysts to examine which Aols tend to precede or follow a given region of interest.

Word trees have been integrated into several visual analysis tools, including eSeeTrack (Tsang et al.
(2010)) and EyeC (Ristovski et al.| (2013)), often in combination with other visualization techniques. For
example, eSeeTrack merges word trees with Aol clouds and suffix-tree-based representations to support
exploratory analysis of Aol sequences. Building on this concept, Aol transition trees (Kurzhals and
Weiskopt]| (2015)) have been proposed to visualize gaze patterns using thumbnail images to represent Aols,
with thumbnail size encoding frequency. While this compact representation improves visual efficiency, it
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lacks one of the key advantages of word trees: explicit textual labeling, which allows analysts to directly
interpret the semantic content of gaze paths.

However, these approaches are generally limited to relatively short sequences. For long or highly variable
sequences, inter-participant differences become too pronounced, effectively fragmenting viewers into
distinct groups. To address this limitation, Kurzhals and Weiskopf (2015) proposed extending a single
Aol transition tree into a sequence of Aol transition trees. This approach is particularly well suited to
dynamic stimuli composed of successive scenes or semantically distinct segments. By exploiting natural
temporal or semantic boundaries, a divide-and-conquer strategy can be applied to partition gaze data into
coherent sections. Transition trees are then constructed for each segment, and corresponding Aols across
consecutive trees may be linked, yielding a sequence of smaller, interpretable transition trees rather than
a single, visually overwhelming structure. As noted by |[Kurzhals and Weiskopi] (2015), many dynamic
stimuli can be naturally decomposed into semantically coherent units—such as task phases—allowing this
approach to generalize across a wide range of experimental paradigms.

7 DISCUSSION

The study of areas of interest and gaze dynamics constitutes a cornerstone of eye-tracking research and,
more broadly, of the investigation of human attention, perception, and behavior. By combining cognitive
theory, computational modeling, and experimental observation, this interdisciplinary field has progressively
established itself as a key methodological framework for understanding how visual information is sampled,
structured, and exploited by observers. Recent advances in eye-tracking technology — including remote,
mobile, and wearable devices — have dramatically increased both the ecological validity and the volume
of gaze data that can be collected. These developments have enabled the analysis of gaze behavior across
a wide range of contexts, from highly controlled laboratory experiments to naturalistic and real-world
environments.

Despite these technological advances, the interpretation of gaze data remains intrinsically challenging.
Visual trajectories are high-dimensional, noisy, and highly variable across individuals, tasks, and stimuli.
Extracting meaningful visual strategies from such data therefore requires a careful balance between
abstraction and fidelity to the original signal. As discussed throughout this review series (Laborde et al.
(2024albjc))), progress in this domain depends not only on improvements in hardware precision, but also on
the development of robust methodological frameworks capable of capturing both individual variability and
group-level regularities.

A central theme emerging from this work is the role of abstraction in gaze analysis. Areas of interest, Aol
sequences, transition models, and representative scanpaths all rely on transforming raw gaze recordings
into symbolic or structured representations. While such abstraction is indispensable for quantitative
analysis, it inevitably entails a loss of information, particularly with respect to fine-grained spatial detail,
temporal micro-dynamics, and idiosyncratic viewing behaviors. The challenge, therefore, is not to eliminate
abstraction, but to control it — ensuring that the chosen level of representation remains appropriate to the
research question at hand. In particular, once areas of interest are defined, they constitute the symbolic
alphabet from which Aol sequences are constructed. This makes the Aol definition stage a pivotal upstream
decision, as it conditions the statistical and structural properties of all subsequent sequence-based analyses.

Within this context, visualization techniques play a crucial mediating role. Spatio-temporal visualizations,
transition-based diagrams, and sequence-oriented representations provide an interpretable interface between
raw gaze data and abstract computational models. These tools are particularly valuable for exploratory
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analysis, hypothesis generation, and qualitative validation, allowing researchers to visually inspect temporal
structures, recurrent patterns, or anomalous behaviors before formalizing them quantitatively. However, as
emphasized in this review, visualization methods are predominantly qualitative and descriptive. While they
offer powerful insights into gaze dynamics, they do not, on their own, provide the formal rigor required for
systematic comparison, statistical inference, or model-based prediction.

Conversely, a wide range of quantitative approaches — including Markov-based models, entropy
measures, pattern-mining algorithms, and consensus sequence methods — enable the formal
characterization of gaze behavior. Many of these techniques originate from domains such as bioinformatics,
information theory, or data mining, and have been adapted to the specific constraints of eye-tracking data.
These methods make it possible to quantify visual strategies, compare observer groups, and relate gaze
behavior to task demands, expertise, or cognitive load. Rather than opposing qualitative and quantitative
paradigms, the results of this review highlight the necessity of their integration. Visualization supports
interpretability and validation, while quantitative modeling provides formalization, generalization, and
reproducibility. Effective gaze analysis workflows therefore rely on iterative interactions between these two
perspectives.

Another key issue concerns the scalability and generality of existing methods. Many algorithms perform
well on small or moderately sized datasets, or under assumptions of limited inter-individual variability.
However, as datasets grow larger and experimental designs become more complex — particularly in
naturalistic or dynamic settings — the limitations of certain approaches become apparent. Some methods
struggle with computational complexity, others with sensitivity to parameter choices, and others with
their ability to accommodate heterogeneous visual strategies without excessive information loss. These
limitations underscore the need for adaptive, data-driven approaches capable of balancing robustness and
interpretability.

The increasing methodological sophistication of gaze analysis also raises important challenges in terms
of expertise and collaboration. Quantitative methods for Aol sequence analysis often require advanced
knowledge in applied mathematics, statistics, or algorithm design, while neurophysiological, clinical,
and ergonomic expertise remains essential for grounding computational findings in meaningful cognitive
interpretations. As a result, the analysis of gaze dynamics — encompassing raw gaze data, scanpaths, and
Aol-based representations — increasingly demands genuinely multidisciplinary research efforts, as well as
shared conceptual frameworks and methodological vocabularies.

Finally, reproducibility and methodological transparency remain critical challenges for the field. Beyond
issues of implementation and reporting, a more fundamental difficulty lies in the inherently ill-posed nature
of several core steps in Aol-based gaze analysis. Different, yet equally plausible, modeling assumptions for
Aol definition, sequence abstraction, or transition estimation can lead to markedly different representations
of visual behavior. As a result, downstream analyses—such as transition modeling, pattern mining, or
consensus sequence extraction—may vary substantially depending on upstream methodological choices.

In practice, the large volume and complexity of gaze data necessitate standardized preprocessing pipelines
to ensure data quality and comparability across studies. At the same time, many algorithms used for
Aol definition and sequence analysis are highly parameter-dependent, and these parameter choices
are not always fully reported or systematically justified. Moreover, the absence of openly accessible
implementations for some widely used methods further complicates replication, benchmarking, and
meaningful methodological comparison.
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Addressing these issues is essential for consolidating gaze research into a cumulative and reproducible
body of knowledge. Clearer methodological reporting, sensitivity analyses with respect to parameter
choices, and systematic comparative evaluations are therefore indispensable for strengthening the reliability
and interpretability of Aol-based gaze analyses.

Looking ahead, several research directions emerge as particularly important for advancing the analysis
of gaze dynamics. First, the definition and tracking of areas of interest in dynamic and interactive
stimuli remains an open challenge: spatially similar fixations may correspond to temporally distinct
or semantically different visual elements, limiting the validity of static Aol representations. Second,
hybrid methodological pipelines that combine data-driven Aol inference, explicit temporal modeling,
and interpretable visualization appear especially promising for balancing robustness, flexibility, and
cognitive plausibility. Such approaches may help reconcile the need for abstraction with the preservation of
meaningful temporal structure.

More broadly, future progress will depend on the adoption of shared evaluation protocols, benchmark
datasets, and reporting standards that make methodological choices explicit and results comparable
across studies, tasks, and populations. By clarifying the assumptions underlying Aol definition, sequence
abstraction, and model selection, the field can move toward more principled and transparent analyses.
Ultimately, strengthening these foundations will enable gaze research to better integrate qualitative insight
and quantitative rigor, and to more reliably link observed visual behavior to underlying cognitive and
perceptual processes.
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