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Unraveling information
processes of decision-making
with eye-tracking data

Chih-Chung Ting* and Sebastian Gluth

Department of Psychology and Hamburg Center of Neuroscience, Universitat Hamburg, Hamburg,
Germany

Eye movements are strongly linked to the perception of visual information
and can be used to infer mental processes during decision-making. While
eye-tracking technology has been available for several decades, the
incorporation of eye-tracking data into computational models of decision
making is relatively new in neuroeconomics. This review article provides an
overview of the interaction between eye movement and choices, highlighting
the value of eye-tracking data in decision-making research. First, we provide an
overview of empirical work studying the interaction between eye movement
and choices. In the second part, we present existing models that incorporate
eye-tracking data into process models of decision-making, emphasizing
their assumptions regarding the role of attention in choice formation and
contrasting models that use gaze data to inform behavioral predictions with
those that attempt to predict eye movements themselves. Additionally, we
discuss the potential of using cognitive models to understand the connection
between choice and gaze patterns and normative aspects of decision-
making. Overall, this review underscores the significant role of eye-tracking
data in understanding decision-making processes, particularly in the field of
neuroeconomics, and its potential to provide valuable insights into individual
differences in decision-making behavior.

KEYWORDS

attention, eye-movement, cognitive model, decision-making, drift-diffusion model
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1 Introduction

When making decisions in both real-life and laboratory settings, individuals
selectively attend to specific information, search for relevant details, but also
appear to overlook certain cues deliberately and systematically (Sims, 2003;
Gluth et al., 2020; Sepulveda et al., 2020; for review, see Orquin et al, 2018;
Wedel et al, 2023). Consequently, different sources of information usually
receive unequal amounts of attention, and it is crucial to consider “what”
information is perceived and “how” this information is processed when investigating
decision-making. Over the past few decades, two powerful tools—eye-tracking
technology and cognitive models—have been adopted to unravel these fundamental
questions. Eye-tracking allows recording dynamic eye movements throughout
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the task, thereby offering invaluable insights into the role of visual
(mostly overt) attention® in information search and acquisition. In
parallel, cognitive models specify the latent mechanism underlying
decision-making. Yet, to date, only a few cognitive models
recognize the integral role of eye movement in information
processing and attempt to account for or even predict eye-
movement patterns.

The emergence of this evolving class of models aligned
in time with eye-tracking studies that revealed a robust link
between option values, eye-movement patterns, and choice
behavior, by now known as the Gaze cascade effect: people
tend to look at more attractive options, and looking at an
option increases its preference (Shimojo et al, 2003). The
association between eye movements and choice behaviors is
further supported by studies investigating the causal role of
visual attention on choices. For instance, when the duration of
option presentation was experimentally manipulated, participants
tended to choose the option that was displayed relatively
longer (Armel et al, 2008; Lim et al, 2011; Pdrnamets et al,
2015; Tavares et al., 2017; Ghaffari and Fiedler, 2018; Pleskac
et al, 2022). At the neural level, Lim et al. (2011) directed
participants’ gaze to one of two options using a cue, and the
authors observed that the brain’s representation of subjective
value to identical options was modulated by participants gaze
positions. These findings, again, suggest that visual attention
is involved in decision-making, emphasizing the importance of
considering eye movements in cognitive models when studying
mental processes.

The present review aims to introduce cognitive models that
incorporate eye-tracking data. In particular, we elaborate on how
these models utilize eye-movement data to capture the variability
in choice patterns. Among the various forms of variability that
are captured by these models, we mention inter- and intra-
individual differences in speed-accuracy tradeoffs, variability in
choices due to varying fixation patterns or varying strength gaze
effects on preference formation, and variability in fixation patterns
(as well as choice accuracy and response times) due to differences
in search costs. To ensure accessibility for readers unfamiliar
with eye-tracking studies, we will first introduce the visualization
of eye-tracking data and how these measurements have been
used to study choice behaviors. Subsequently, we will introduce
existing models that incorporate eye-tracking data to predict

1 Unlike covert attention, which selectively processes information without
orienting the eyes, eye movements measured by eye-tracker are commonly
used to infer visual overt attention and where a participant is looking.
Despite controversies surrounding the interchangeability of eye movement
and attention (Mormann and Russo, 2021), these two terms play similar
roles in selecting and filtering information. While visual information can
be perceived without directly looking at items (i.e., covert attention), the
looked-at items are often processed in more detail (Deubel and Schneider,
1996). Furthermore, eye movement and attention might share the same
neural mechanisms as they are associated with the activation of the superior
colliculus, a brain region associated with saccade preparation (Kustov and
Lee Robinson, 1996). Given the strong connection and similar functions
observed between eye movements and attention, we use these two terms

interchangeably throughout the rest of the review.
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purely behavioral measures (i.e., choices and response times) and
their association with eye-tracking data. Then, we will discuss
existing models that do not only predict behavior but also eye
movements. In the final section, we will summarize the insights
gained from these models and outline promising avenues for
future research.

2 Eye movement basics and measures

Eyes serve as a mechanism for filtering visual information
through gaze. Although the human eyes cover a broad
visual field, detailed processing occurs primarily at the
center of gaze (Figure 1A), as this spot refers to the fovea
on the eyes retina (Loschky et al, 2005; Leigh and Zee,
2015). Consequently, monitoring gaze position provides a
proxy for identifying what visual information is processed
in detail. Modern eye trackers allow recording of this
gaze position by detecting near-infrared light reflections
from both the pupil and cornea. Gaze position is then
measured in x-y coordinates based on the screen resolution
(Figure 1B). With high temporal resolution, such as 1kHz, it
is possible to record gaze positions at very rapid rates at the
millisecond level.

The sequence of x-y coordinates is typically categorized based
on spatial and temporal proximity, resulting in saccades which
indicate dynamic shifts in gaze position, and fixations which
represent time periods of (relatively) immobile gaze positions
(Figures 1C, D). These sets of x-y coordinates are then labeled in
terms of order (e.g., first, second fixation; first, second saccade)
and areas of interest (AOIs) (Figure 1D). Summing up the same
labeled x-y coordinates can be further used to quantify the
tendency of focusing on specific AOIs, the so-called dwell time.
For instance, in Figure 1D the dwell time of AOIp.q is the
combined duration of the two fixations within AOIj.; (dark
gray areas).

With respect to decision-making research, the described
measures have revealed two robust relationships between gaze
patterns (e.g., final fixation and dwell time) and choices. First,
a longer dwell time on an option increases the likelihood
of it being selected. Second, the last-fixated option is most
often on the chosen option (Krajbich et al, 2010; Smith and
Krajbich, 2019). To illustrate the former effect, the probability
of selecting a particular option is depicted as a function of
the dwell time difference (or dwell-time advantage) between
options (e.g., Dwelliefy — Dwellyjgny) (Figure 1E). The latter effect
is typically illustrated by the probability of choosing the left
option as a function of the value difference between the left and
right option (i.e., Valueps — Valueygn), separately for decisions
in which the left option was fixated last and those with the
final fixation on the right option (Figure 1F). Note that both
effects indicate that people choose what they look at longer
or/and last, which in turn seems to hint toward a causal
influence of gaze’s location on choice. In the next section, we
will introduce cognitive models that implement this putative
influence before turning to other theories that challenge this
(uni-)directional interpretation (Section 4; see also Mormann and
Russo, 2021).
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Tracking eye movements and their relationship with choices. (A) An example illustrating that only the central gaze point provides clear and sharp
visual information, while peripheral areas exhibit blur and reduced clarity. (B) Presentation of an individual eye-tracking data point, quantified as an

right option is better left option is better
Value difference
(L>R)

x-y coordinate relative to the reference point. In this example, the reference point is defined as the left-bottom corner of the screen (another typical
reference point would be the center of the screen). (C) Dynamic eye movements recorded as multiple data points (samples), with successive samples
forming fixations. Red rectangles on the left and right denote Areas of interest (AQIs) for the left and right options, respectively. Thick blue lines

depict saccades between AOIs, while thin blue lines represent movements within an AOI. Each black dot corresponds to one data point. (D) Timeline

data presented in (E, F) are taken from Ting and Gluth (2023).

summary of the example in (C), starting from displaying options to the moment of making a decision marked by the button-press. Dashed lines
denote the separation of two eye-movement events (fixations and saccades). (E, F) lllustrations of gaze-related choice biases. (E) Relationship
between choice and dwell time difference. Options with longer dwell times are associated with a higher probability of being chosen. (F) Association
of the final fixation with the final choice. The option looked at last is more likely to be chosen, especially when the value difference is smaller. The

3 Cognitive models incorporating
eye-tracking data

Cognitive modeling of decisions has been widely used to
quantify latent mental processes that underlie certain choice
patterns. However, many choice models in behavioral economics,
consumer psychology, and judgement and decision-making
research only account for choices but not response times (e.g.,
Prospect Theory; Kahneman and Tversky, 1979). This could pose
challenges when making inferences about information processing,
because participants may address the speed-accuracy tradeoff
(SAT) differently in the same task. Specifically, the observation of
varied levels of choice consistency (i.e., probabilities of choosing
options with higher subjective values) might originate from distinct
levels of noise in the choice process or different SAT strategies. To
resolve this ambiguity, it is necessary to take response times (RTs)
into account (Smith and Ratcliff, 2004; Busemeyer et al., 2019).
Following the same logic, if a cognitive model does not consider
eye movements as part of information processing, then gaze-related
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choice biases such as the ones described above may be misattributed
to other cognitive functions (Shevlin and Krajbich, 2021).

3.1 Sequential sampling models

With respect to the SAT ambiguity, sequential sampling models
(SSMs) resolve this concern by accounting for choice and RT
simultaneously. In the framework of SSMs, a decision is viewed as
the outcome of accumulating noisy evidence (e.g., value differences
between options) over time until that accumulated evidence reaches
a threshold. In the case of the Diffusion Decision Model (DDM),
arguably the most dominant variant of SSM (Smith and Ratcliff,
2004; Ratcliff et al., 2016), the evidence for the left option vs. the
right option in a value-based decision-making task is assumed to
be accumulated from one time point to the next as follows:

RDV, =RDV,_1+ v + & (1)
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where RDV;_; refers to relative decision value at time point t—1,
v refers to the drift rate or the strength of the evidence, and ¢ is
the noise sampled from a normal distribution (mean = 0, standard
deviation = o). The drift rate (v) is computed as the value?
difference between options with scaling parameter d that governs
the overall speed of accumulation:

v =dx Viep — Vright)- 2

It is notable that the way we introduce DDMs in this paper
differs from the original version of DDMs in two key aspects.
Firstly, we assume evidence accumulation to occur at discrete time
points (e.g., every millisecond). While this is different from the
classical DDM assuming continuous evidence accumulation over
time (Ratcliff, 1978; Smith and Ratcliff, 2004), discrete evidence
accumulation can approximate continuous evidence accumulation
when time steps become minuscule. Secondly, our assumption that
the drift rate (v) is a function of value difference between options
(and thus the difficulty of a decision) in Equation 2 does not need
to be made. It can also be estimated as a free parameter. Note,
however, that a strong link between drift rate and difficulty has
been established for both perceptual (Ratcliff and Rouder, 1998)
and value-based decision-making contexts (Krajbich et al., 2010;
Fisher, 2017).

Another standard sub-class of SSM are accumulator models (or
race models), which assume an accumulation trace for the value
of each option. Unlike DDMs, the existence of multiple parallel
accumulation processes allows these models to be easily extended
to contexts with more than two options (i.e., multiple-alternative
decisions): n accumulators for n options race against each other
until one reaches the threshold.

Diffusion and accumulator models correctly predict that value
difference positively influences the probability of choosing the
option of higher value and negatively influences RT. That is, when
one option has a much larger value than the rest (e.g., Ve >
VRight)> the rate of accumulation will be accelerated toward the
threshold of that option (apes or aRight),3 resulting in a faster
decision and higher probability of choosing that option. Apart from
value difference, the threshold in SSMs also affects choice and RT, as
it determines the amount of evidence needed for eliciting a choice
and thus plays a crucial role in the SAT. Specifically, when the
threshold is low, decisions are made rapidly and are more prone
to errors (e.g., choosing the option of lower value). This increased
susceptibility to wrong choices is due to the greater impact of
random noise on the decision process. With lower thresholds,
there is less time for the accumulation process to approximate

2 In studies using consumer products, the value of each option is usually
measured as the level of liking, wanting, or willingness to pay (Gluth et al.,
2015; Fromer et al., 2019; Amasino et al,, 2023). In studies using intertemporal
choices or risky gambles, value is often transformed by a function such as
hyperbolic discounting or Prospect Theory's value and weighting functions
(Gluth et al., 2017; Amasino et al., 2019; Zilker and Pachur, 2023).

3 In diffusion models, upper and lower thresholds are respectively
associated with two options, typically represented as a and -a (Figure 2A) or a
and 0. In accumulator models, each option has its own accumulator, usually

starting a 0 and racing toward its threshold of height a.
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the mean of drift rate. On the contrary, decisions are made more
deliberately and are more likely to be accurate when the threshold is
higher. Thus, SSMs allow disambiguating changes in task difficulty
(e.g., intensity of stimuli or value difference) and SAT adjustments
by considering RT in addition to choices themselves. Alongside
these model predictions, both variants of SSM introduced above
have been used as the basic frameworks for incorporating eye-
tracking data and elucidating gaze-related choice biases. Next, we
will introduce two of such extensions of the diffusion model and
the accumulator model.

3.2 Diffusion model incorporating eye
movements

The attentional drift-diffusion model (aDDM; Krajbich et al.,
2010) extends the DDM by incorporating eye movements as
integral components of information processing and assumes that
visual attention amplifies the value difference between attended
and unattended options. Specifically, unlike the conventional
DDMs assuming that all available information equally contributes
to the evidence accumulation process, the aDDM discounts the
unattended option by multiplying it with parameter 6 (with
0<6<1):

6 X VRight), if the left option is attended.

v = dx (Viet —
vi = d x (0 x Viefy — VRight)s if the right option is attended.

©)

Hence, alongside the value difference (Viefy — Viight), the
strength of evidence, quantified as drift rate v at the time point t,
is jointly determined by the fixation location (e.g., on the left or
right option) and the discounting parameter 6.

The inclusion of 6 and gaze location in Equation 3 allows
the aDDM to capture gaze-related choice biases. In particular,
the aDDM predicts that the probability of choosing an option is
increased when it is viewed longer than other options (Figure 1D).
To illustrate, consider a scenario where you are deciding between
two comparable options (i.e., Vie = VRight = 10) and you look at
the left option 90% of the time in a trial.* According to Equation 3
and assuming d = 1 and 6 = 0.3, 90% of the time evidence will be
accumulated according to Vief — 0 X Vpign and thus 10 - 0.3*10 =
7, and only 10% of the time the accumulation will follow 6 X Vi eg —
VRight and thus 0.3*10 - 10 = —7. Stated differently, we can specify
an average drift rate in favor of the left option (see also below) as v
=0.9%7 - 0.1*7 = 5.6, indicating an accumulation dynamic toward
the left option despite equal subjective values (see also Section
3.2.3). The same example demonstrates how the other gaze-related
choice bias can be explained: the final fixation is more likely to be

4 The percentage of time allocated to each option discussed here serves
merely as a simplistic illustration and is not directly forecasted by the models.
In practical application, fixation durations in these models are typically
derived from actual data. While gaze patterns are associated with option
features such as attractiveness or salience, we will delve into this aspect in

Section 4.
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Vi, but also on how much this option has been looked at in a given trial.

Illustrations of evidence accumulation predicted by aDDM in a two-alternative choice (A, B) and by GLAM in a three-alternative choice (C). (A)
Evidence accumulation is affected by attention (6 = 0.3). When 6 is smaller than 1 and the two options share the same value, the value difference is
amplified as the non-fixated option is discounted by 6. This effect is more pronounced when option values are generally high (thick line) than when
they are generally low (thin line). Consequently, it leads to accelerated evidence accumulation (i.e., drift) rate, reaching the threshold (aief Or arignt)
earlier, hence, resulting in shorter RT. (B) When the discounting factor 6 in the aDDM is 1 and two options share the same values, the relative decision
value is primarily determined by noise, irrespective of the fixation location. (C) Upper panel: GLAM assumes evidence for three options are
accumulated separately over time. Each color line represents the path of evidence accumulation for each option. To facilitate parameter estimation,
GLAM does not model within-trial noise in accumulation (semi-transparent line) but instead use the drift rate as the slope of a linear and noiseless
accumulation process. This figure is reproduced from Thomas et al. (2019). Lower panel: the drift rate for each option depends on the option’s value

Time
Impact of non-attention

Proportion of non-dwell time \Y
x 0 x 4

on the final choice (Figure 1E), because the accumulation process is
most often heading toward (and ultimately ending at) the currently
fixated option.

In addition to gaze-related choice biases, the multiplicative
aDDM also accounts for a critical RT pattern: the magnitude
effect. This phenomenon refers to a negative correlation between
RT and the overall attractiveness or intensity of the available
options. Numerous studies have demonstrated that individuals
often decide quicker when confronted with more salient options
in perceptual tasks (e.g., choosing between two bright options) or
more appealing choices in value-based decisions (e.g., selecting
between favorite snacks) (Polania et al.,, 2014; Teodorescu et al.,
2016; Gluth et al., 2018, 2020; Fromer et al., 2019; Smith and
Krajbich, 2019; Sepulveda et al., 2020; Shevlin et al., 2022; Ting
and Gluth, 2023). The multiplicative aDDM has been employed
to model and explain this specific behavioral tendency (Ratcliff,
2018; Smith and Krajbich, 2019; Pirrone and Gobet, 2021; Pirrone
et al, 2022). Recall that in Equation 3 the drift rate is defined by
both individual options’ values and 6. Therefore, even when the
value difference and 6 are fixed, the drift rate is larger when option

Frontiersin Behavioral Economics
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values are generally higher. Imagine you are choosing between two
options, either from set A (with values 10 vs. 10) or from set B
(with values 5 vs. 5). When the scaling parameter d is 1 and the
discounting parameter 6 is 0.3, the value of the unattended option
will be discounted more when the overall values of the options are
higher (set A: 10 - 0.3 * 10 =7 or 0.3 * 10 - 10 = —7) compared
to when the option values are lower (set B: 5 - 0.3 * 5 = 3.5 or
0.3 * 5 - 5= —3.5). As a consequence, the evidence trace tends
to move toward the threshold of the attended option, facilitating
the speed of evidence accumulation and resulting in shorter RTs
(Figure 2A). In contrast, when the discounting parameter 6 is 1,
the drift rate remains identical in both sets regardless of the gaze
location resulting in no relationship between RT and overall value
(Figure 2B).

To amplify the value difference between attended and
unattended options, an alternative approach is adding a specific
value to the attended option (Cavanagh et al., 2014). In contrast to
the multiplicative aDDM, this additive version of aDDM assumes
a general influence of attention on drift rate regardless of option
value. Specifically, given the fixation location, the drift rate is

frontiersin.org
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increased or decreased with a constant value n (with n > 0),
independent of option value:

vi =d X (Viet — VRight + 1), if the left option is attended;

Ve =d X (Vieft — VRight — 1), if the right option is attended.

(4)

While both multiplicative aDDM and additive aDDM
encompass the notion that attention plays a causal role in valuation
and successfully predict gaze-related biases, it is noteworthy that
the additive aDDM cannot explain the negative relationship
of overall value and RT. Note, however, that other accounts
of the overall value effect on RT are conceivable (Mormann
and Russo, 2021; Pirrone et al, 2021), and that a recent study
(Westbrook et al,, 2020) proposed a hybrid account of first
multiplicative but then additive effects of attention within
single choices.

3.2.1 Extending the aDDM to multi-alternative
decisions

With the same idea of discounting unattended options, the
aDDM has been extended for multi-alternative choice problems
(i.e., choosing between three or more options) (Krajbich and
Rangel, 2011). For example, Krajbich and Rangel (2011) conducted
an experiment in which participants had to make a decision among
three options presented on the right, left and the center of the
screen. In order to adapt the aDDM to the data from this ternary
decision, the researchers computed a drift rate in one accumulator
for each option given their option values (V), gaze location, and the
discounting parameter 0:

Vieft = d X6 X Vi if the left option is not attended;
VRight = d X 0 X VRigh. if the right option is not attended;
Veentral = @ X 60 X Vientral» if the central option is not attended.

(5)

When attention is directed toward an option, the drift rate
associated with that option is calculated without attentional
bias (ie, 6 =
timepoint ¢ is then updated by the drift rate in Equation 5.

1). For each option i, evidence (Ej;) at

This accumulated evidence is then used to compute the relative
decision value (RDV). Unlike Equation I directly comparing
two latent values and forming a single RDV, three RDVs are
computed for three options by comparing the accumulated
evidence of one option to the maximum of the rest of
accumulated evidence.

RDV,', t = Ei)[ — Max(Ej,t) (6)
As aresult of Equation 6, RDV of an option is greater and more

likely to reach the threshold first when the option is fixated longer
and when the option value is higher.
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3.2.2 aDDM in multi-attribute decisions

Real-life decisions often involve considering multiple attributes
for each option. In order to investigate how people evaluate options
and make decisions in such scenarios, individual attributes of
options are presented separately on the screen in a laboratory
setting (e.g., two attributes of two options are presented at
the four corners of the screen). This setup allows tracking
eye-movement patterns at the attribute level and, for instance,
categorizing fixations into two key search patterns: within-
attribute search (comparing options within the same attribute)
and within-alternative search (evaluating all attributes within
an option). Notably, many previous studies found that gaze
patterns were more in line with the view that participants’
choices emerge from the comparison of one or two attributes
between options, rather than integrating all attributes within
an option into a single value (Noguchi and Stewart, 2014,
2018; but see Glickman et al, 2019). These findings imply
that attentional effects may not be restricted to the assessment
of options as a whole but rather extend to the evaluation
of attributes.

To take the attribute level into account, variants of attention-
dependent SSM have been proposed (Amasino et al, 2019;
Glickman et al., 2019; Fisher, 2021; Molter et al,, 2022; Yang
and Krajbich, 2023). For example, Yang and Krajbichs (2023)
multi-attribute attentional drift-diffusion model (maaDDM)
discounts both unattended options and unattended attributes with
discounting parameters 6 and ¢, respectively. When faced with a
choice between the left option and right options, each comprising
attributes A (e.g., Viepa and Veigna) and B (e.g., Viesp and
VRight,B) the drift rate can be expressed as:

Ve~ (Viefa — 0 X VRighta) + @(Vies — 0 X VRightB)>
if Viefia is attended;

ve ~ @(Viea — 0 X VRighta) + (Vierp — 0 X VRightp)s
if Viefp is attended;

ve ~ (0 X Viea — VRighta) + @0 X Viegp — VRightB)
if VRighta s attended;

Ve ~ 90 X Viea — VRighta) + (0 X Ve B — VRight)s
if VRighyp is attended.

™)

Estimates of these two discounting parameters (ie., 6 and
¢) were taken from the best fitting model and compared
(6 - ¢). The authors found that the impact of attention
at the alternative level (0) is smaller than its impact at the
attribute level (¢) (Fisher, 2021; Yang and Krajbich, 2023).
Furthermore, the unattended option’s attribute is discounted
most as it is discounted by both discounting parameters.
is due to the
more cognitive element of currently not “thinking about” the

However, it remains unclear whether this
unattended attribute of the unattended option, or the more
perceptual element of “not seeing” the unattended attribute of
the unattended option as it is furthest away from the fixation
center. Overall, these models not only account for gaze-related
biases but also quantify the impact of visual attention in multi-
attribute decisions.
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3.2.3 Enhancing efficiency in parameter
estimation

First instantiations of the aDDM (e.g., Krajbich et al., 2010)
used a time-consuming parameter estimation approach. This
involved simulating the model and identifying parameter values
that approximated the maximum likelihood given the data through
grid search. To enhance the efficiency of estimating the aDDM,
Cavanagh et al. (2014) summarized the dynamic fixation patterns
as the proportion of dwell time on each option and computed the
average drift rate per trial. Specifically, Equation 3 is reformulated
by incorporating the proportion of dwell time (PD) for each option:

v = B0 + Bl x (PDpep X Vier — PDpight X VRight)
+ B2 x (PDgight X VLeft — PDLefi X VRight) (8)

where B1 represents the impact of fixated option and B2 represented
the impact of non-fixated option. In comparison to Equation 3,
Pl and P2 are equivalent to d and d*6, respectively. Thus, the
discounting factor 6 can be written as B1/p2 in Equation 8. The
advantage of this approach is that a single average drift rate per trial
can be defined, once the dwell time for each option is known. This
allows using the DDM’s closed-form solution of the first passage
time problem (i.e., the question of when the first crossing of a
decision threshold is to be expected), which is implemented in
many toolboxes such as the hierarchical DDM package (Wiecki
et al., 2013), which in turn greatly simplifies, accelerates, and
improves parameter estimation (see also our 90/10% example above
as well as Lombardi and Hare, 2021).

3.3 Gaze-weighted Linear Accumulator
Model

The aDDMs have been applied to both two and multiple-
alternative decisions. However, only the traditional aDDMs for the
two-alternative decision possess a closed-form solution (Cavanagh
et al, 2014). To enhance efficiency in parameter estimation
for multi-alternative aDDMs, one potential approach involves
accumulating evidence for each option based on the proportion of
dwell time on that option. The Gaze-weighted Linear Accumulator
Model (GLAM; Thomas et al, 2019) implements this idea.
Specifically, GLAM uses the framework of accumulator models and
assumes that the average drift rate (v;) for each option in each
trial is computed as a linear combination of option value (V;)
and the proportion of dwell time on the option, expressed by the
following equation:

v; ~ PD; x Vi+(1—PD;) x 6 x V; 9)

where PD; represents the proportion of dwell time spent on option
i, and 0 denotes the discounting factor for the proportion of time
the option is not attended (see Figure 2C for visual illustration).
The average drift rates in Equation 9 are then used to compute the
relative decision values (RDV)

RDV; = v; — Max(vj)
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which are subsequently scaled to a range of 0-1. In Equation 10,
these scaled values are then employed to update the evidence for
each option (Figure 2C, top).

It has been shown that GLAM is capable of predicting the
gaze-related choice biases in binary, ternary and even 36-alternative
decisions (Thomas et al., 2019, 2021; Weilbicher et al., 2021).
Unlike most other SSMs, GLAM does not estimate non-decision
time (NDT), which usually accounts for motor and perceptual
processing that is unrelated to the decision or accumulation process
itself. This might be problematic, as the model may misattribute the
variability of RT caused by purely sensory or motor components to
changes in information processing.

3.4 Applications

The parameter 6 in aDDM and GLAM not only quantifies
the impact of gaze on valuation during evidence accumulation
but also provides an opportunity to explore how visual attention
influences valuation in different contexts. For example, Weilbdcher
etal. (2021) observed a heightened influence of gaze on information
processing and choices when participants needed to retrieve
options from memory. This effect was evident through lower 6 (i.e.,
discounting the unattended option more) in memory-demanding
conditions, suggesting that the attentional bias is further amplified
by memory demands. Relatedly, Eum et al. (2023) manipulated
the visibility of the unattended option via a gaze-contingent
design and observed that the influence of attention on valuation
is more pronounced (i.e., lower 6) when the unattended option
is hidden compared to when it is visible. This suggests that
peripheral viewing, beyond the center of gaze, also plays a role in
determining the level of discounting. Overall, these findings not
only demonstrated that the strength of the association between
gaze and choice is modulated by factors such as memory demand
and peripheral viewing but also emphasize the usefulness of 6 in
quantifying the extent of attentional impact across various contexts.

The inclusion of eye-movement data in models also improves
comprehension of the mechanisms contributing to variability
in choice patterns, like the probability of choosing an option
(Thomas et al., 2019), confidence (Brus et al, 2021), and risk
attitude (Zilker and Pachur, 2023). For instance, Thomas et al.
(2019) reanalyzed data from perceptual and preferential tasks using
GLAM and found that individual difference in task performance
(i.e., probability of choosing the correct item) can be predicted
by the estimated gaze-bias parameter. Zilker and Pachur (2022)
employed the aDDM to simulate and reanalyze data involving
choices between risky (i.e., outcomes with probabilities < 1) and
safe options (i.e., certain outcomes). Their findings revealed that
the aDDM with 6 < 1 predicted a positive relationship between
choice and gaze allocation: the probability of choosing the safe
option increased when the likelihood of evaluating the safe option
was higher. Additionally, the strength of the distortion in subjective
probability, as predicted by the Cumulative Prospect Theory (CPT;
Kahneman and Tversky, 1979), exhibited a systematic association
with the probability of fixating on the safe option. Notably, these
associations were not observed when employing aDDM with 6 of 1,
indicating a pivotal role of visual attention in subjective probability
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formation and risk attitude. Overall, although descriptive models of
choice (e.g., CPT) are widely used to quantify individual differences
in decision-making, cognitive models incorporating eye-movement
data possibly offer a more fine-grained, mechanistic understanding
of the underlying processes.

3.5 Considerations for implementing
aDDMs and GLAM

The models introduced in Section 3 allow researchers to take
gaze data into account when predicting the relationship between
valuation, attention, and choice. Yet, these model predictions
rely on many, often implicit assumptions. Some of assumptions
have been empirically tested. For instance, Pirrone and Gobet
(2021) tested the implicit assumption that 6 has a constant value
regardless of option values. By reanalyzing two existing datasets,
the authors found that the impact of visual attention on choice
are not significantly different between the high and low overall
value condition (but see Ting and Gluth, 2023). Other assumptions,
like the additive or multiplicative role of fixation on valuation (see
Equations 3, 4), are still under debate. In particular, despite the
additive aDDM not predicting a negative relationship of overall
value and response time, some studies found that additive aDDM
outperformed multiplicative aDDM in the context of reinforcement
learning tasks (Cavanagh et al., 2014; Smith and Krajbich, 2019).
Another assumption of the aDDM under debate is the definition
and measurement of attention (Mormann and Russo, 2021):
whether visual attention is equivalent to the center of gaze if people
can perceive specific visual information without moving their
eyes. For instance, a recent study demonstrated that participants
can selectively use visual features (i.e., the color and direction
of moving dots) to make decisions, even when the stimuli were
concurrently presented at the center of the screen (Shenhav et al.,
2018). The finding implies that people can implement feature-based
attention without moving their eyes. However, whether feature-
based attention biases decisions in a manner predicted by the
aDDM remains an open question at this point.

Last but not least, these models assume that attention plays a
causal role in preference formation. This assumption is supported
by several studies that manipulated when or how long each option is
looked at (Armel et al., 2008; Lim et al., 2011; Pirnamets et al., 2015;
Tavares et al., 2017; Ghaffari and Fiedler, 2018; Pleskac et al., 2022).
For example, Piarnamets et al. (2015) found that, in moral decision
tasks, participants were more likely to choose a target option that
they were forced to fixate longer. Similarly, Pleskac et al. (2022)
showed that spatial cueing could successfully alter gaze patterns and
influence final decisions in both perceptual and value-based tasks.
A recent meta-analysis by Bhatnagar and Orquin (2022) looked
at 21 studies using different attention manipulation paradigms,
finding that changes in gaze patterns on average positively affect
final choices, confirming the causal role of gaze in preference
formation. While the assumption about the impact of attention
on choice is consistent with empirical evidence, these models do
not account for the possibility that preference may also influence
gaze allocation: People tend to look at more attractive options
(Shimojo et al., 2003; Fiedler and Glockner, 2012; Orquin and
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Mueller Loose, 2013; Gluth et al., 2018, 2020), suggesting a bi-
directional relationship of valuation and attention. As discussed in
the next section, other models have thus been put forward to predict
where and when people move their eyes while making decisions.

4 Models predicting fixation patterns
and gaze-related choice biases

In this section, we will introduce two groups of models that
extend evidence accumulation concept and include algorithms to
allow the prediction of fixation patterns.

4.1 Predicting fixations

Inspired by the fact that fixation patterns are robustly
influenced by bottom-up factors (e.g., the brightness of an option)
and top-down considerations (e.g., maximize payoff) (Awh et al.,
2012; Orquin et al., 2021), some models have attempted to link
fixation allocation to uncertainty about the stimuli (Cassey et al.,
20135 Song et al., 2019), physical salience (Towal et al., 2013) and
the latent option value (Towal et al., 2013; Gluth et al., 2020). With
respect to the latter, Gluth et al. (2020) extended the aDDM by
assuming that the probability of looking at one option i is driven
by accumulated evidence E (see Equation 7 and aDDM in multi-
alternative decisions). This assumption is realized using a softmax
function as follows:

exp(y X Eiy)

—_ 11
2 exp(y x Ejr) (D)

p (fixate i) =

where v is a free parameter determining how strongly fixations
are driven by value (if y = 0, the probability to fixate at each
option is independent of option value). The algorithm extended
by Equation 11 maintains the original aDDM’s ability to capture
the distribution of choice and RT as well as the gaze-related
choice biases. Additionally, the model accounts for the fact that
people tend to look more and more at the most promising choice
candidates, which aligns with Gaze cascade effect (Shimojo et al.,
2003; Krajbich et al., 2010; Smith and Krajbich, 2019).

4.2 Predicting gaze patterns while
accounting for cognitive costs

The final category of models discussed in this review article
is rooted in the Bayesian framework and inspired by rationality
considerations. Given that information search and acquisition are
time-consuming and (cognitively) costly, these models address
the question of how to move the eyes efficiently in order
to save resources while still making good decisions. Generally
speaking, this question has been raised in different fields, including
neuroscience (Tajima et al., 2016), economics (Sims, 2003), and
psychology (Lieder and Griffiths, 2020). Using the Bayesian
framework, these models assume that beliefs about stimuli are
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updated by integrating the initial value representation of each
stimulus (prior) with new incoming evidence (likelihood).

When participants decide between two options, they may not
initially possess a clear value representation for each stimulus.
As a result, the mean value of each option should be centered
around 0 with high uncertainty (represented by the variance of
the value distribution). The uncertainty in the value representation
of the option decreases as more visual information is sampled
by looking at the option. Figure 3A illustrates this process and
depicts how the integration of prior and likelihood results in a new
distribution where the mean and variance deviate from the initial
value representation. This feature distinguishes Bayesian evidence
accumulation models from aDDM in two key aspects. First, in
aDDMs and GLAM, fixations are used to sample and update a
point of the belief (i.e., the mean of the value representation)
at each time step. In contrast, Bayesian evidence accumulation
models dynamically update both the mean and variance of the
value representation with an increase in the number of fixations
within a trial. Second, the Bayesian evidence accumulation models
offer researchers a means to explore the relationship between
the variance of value representation and fixation patterns. This
concept has been integrated into models to predict the probability
of switching gaze in both two-alternative tasks (Song et al., 2019;
Jang et al., 2021) and multi-alternative tasks (Callaway et al., 2021;
Li and Ma, 2021). For example, the models predict that people
are more likely to look at options that received less attention so
far within a trial, so that the variance of value representation for
those options would be reduced by more samples. They also predict
that the durations of later fixations are longer compared to early
fixations, as more samples are needed to change beliefs when those
beliefs have reached some precision already due to earlier fixations
(Song et al., 2019; Callaway et al., 2021).

Moving eyes to the relevant information takes time and effort
(Gabaix et al., 2006; Manohar and Husain, 2013). Therefore,
sampling information through gaze forever would be irrational
for a decision-maker with limited time and resources, especially
when more than two options are available (Reutskaja et al,
2011, 2018; Thomas et al, 2021). Thus, decision-makers must
determine when to cease exploration and commit to a choice.
The models address this dilemma by assessing the (expected)
benefits and costs associated with three actions: choose one option,
switch the gaze allocation, or stay in the same option to sample
more information (Figure 3B). While some of these models use
this framework to approximate “optimal observers” capable of
maximizing the accuracy or expected reward of an action (e.g.,
Callaway et al., 2021; Jang et al., 2021), others acknowledge the
high complexity of these computations and build in psychologically
plausible simplifications such as looking only one step ahead (e.g.,
Gabaix et al., 2006). Despite these subtle differences, these models
share the feature of not only predicting eye movements (e.g.,
negative relationship between the number of fixations and value
difference) but also making testable predictions on how changing
the costs of computations should shape information search in
value-based decisions.

It is worth noting that both DDMs and Bayesian evidence
accumulation models predict negative relationship between the
number of fixations and value difference but based on different
assumptions. In DDMs, a larger drift rate (scaling with value
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difference) reduces response time and fixations as the decision
threshold is reached faster. By contrast, Bayesian models that
consider the balance between the benefits and costs of additional
fixations find it rational to use fewer fixations when value
differences are larger.

The Bayesian evidence accumulation models effectively capture
behavioral patterns and gaze-related choice biases without
assuming a causal influence of attention on valuation (a key feature
in aDDMs). In binary decisions, however, the Bayesian models
can only account for the positive association of dwell time and
choice probability when assuming that the prior distribution of
option values underestimates the actual values (Callaway et al.,
20215 Jang et al., 2021). This is because by default these models
predict that sampling the better option is as informative as sampling
the worse option. In case of underestimated values, however, more
sampling will lead to more positive updating and thus increase
the probability of choice. It appears at least questionable whether
people systematically underestimate values at the beginning of
a (binary) choice, and future investigations should assess this
speculation empirically.

4.3 Considerations for predicting fixation
patterns

Although models discussed in Section 4 assume that attention
is influenced by factors such as value, physical salience, or
uncertainty, some studies indicate that visual attention can
also be driven by the goal of the task (Kovach et al,
2014; Sepulveda et al., 2020 for review, see Fromer and
Shenhav, 2022). For instance, Sepulveda et al. (2020) found
that participants devoted more time to looking at low/high
option values when the goal of the task was to choose
unattractive/attractive options, suggesting that gaze allocation
might reflect high-level cognitive processes. However, a recent
meta-analysis suggested that bottom-up factors, like the surface
and the position of the visual stimuli, might exert a similar
or even stronger impact on gaze patterns (Orquin et al,
2021). These findings highlight an ongoing debate regarding the
factors that influence visual attention toward options in value-
based decisions.

5 Summary and future directions

An emerging body of literature underscores the significance
of eye-tracking data and cognitive models in investigating
the mechanisms of decision-making (Itti and Koch, 2001;
Krajbich, 2019; Wedel et al., 2023). Our review focuses on
the models conceptualizing information processes as dynamic
evidence accumulation (aDDMs and Bayesian sampling models),
where eye movements represent an integral part of this process.
The inclusion of eye-movement data enables the models to
investigate the association between choice and fixation patterns
across decision domains. More importantly, they quantify the
hypothetical role of eye movement in decision formation, offering
a chance for future studies to testify their predictions under
different contexts.
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Illustrations of Bayesian updating models that incorporate attention. (A) In the Bayesian framework, a value representation of each option is updated
by integrating prior knowledge and incoming information. Initially, the prior knowledge for two options (red and blue) is modeled as two Gaussian
distributions centered at O with equal variance (dashed curves). Upon gathering new evidence (dots), the mean and variance of these distributions are
updated, resulting in posterior distributions (solid curves). Notably, the posterior distributions become narrower when the size of new evidence is
larger and more reliable. (B) Left panel: At each time point, individuals face the decision to choose one of the options, switch gaze allocation (shown
in green), or maintain attention on the same option to sample more information (depicted in orange). When visual attention is directed to a specific
option, momentary information from that option is sampled and utilized to update the value representation in a Bayesian manner. Right panel:
attention-determined momentary information not only updates the value of the option but also reduces the uncertainty associated with the value
representation for the option. This figure is adapted from Jang et al. (2021).

5.1 Future directions of using cognitive
models incorporating eye-movement data

The integration of eye-movement data into cognitive models
provides researchers with a powerful tool to explore the behavioral
and neural mechanisms underlying choice pattern variability. Here,
we propose three potential avenues for future research using the
models introduced in this review. First of all, models incorporating
stopping rules and the parameters quantifying attentional bias
could be further used to investigate inter- and intra-individual
differences in decision processes or in cognitive capacities (e.g.,
working memory capacity) between groups. For instance, Reutskaja
et al. (2011, 2018) employed tasks with relatively large set sizes
(e.g., choosing between 4, 9, or 16 options) and found that
both fixation duration and the speed of eye movement increased
linearly with larger set sizes. Reanalyzing these data using the
cognitive models introduced in this review could provide valuable
insights into how final decisions are formed and whether these
models can be generalized to decisions involving more options.
Second, these models offer a pathway to investigate the role
of eye movements in context effects, which refer to changes in
preference between two options triggered by the introduction
of a third option. While many studies have extended SSMs by
incorporating attention components, such as attribute weight and
order of attention allocation, to address individual differences in
context effects (Trueblood et al., 2014, 2022; Spektor et al., 2021;
Hayes et al., 2023; for review, see Busemeyer et al., 2019), only few
attempts have been made to quantify visual attention using eye-
movement data (Noguchi and Stewart, 2018; Molter et al., 2022).
Currently, neither the aDDMs nor Bayesian evidence accumulation
models adequately account for context effects, opening avenues
for further exploration. To bridge these disconnected branches of
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decision-making research, future studies could delve deeper into
these concepts by leveraging eye-movement data to identify specific
metrics of gaze patterns that more accurately reflect hypothetical
attention weights. Moreover, future studies could also identify
the gaze allocation before/after the third option is introduced
and implement these observations to inform the refinement or
development of models in this area.

Third, considering SSMs and eye movements often quantify
information processing at high temporal resolution (i.e., each time
step of evidence accumulation lasts just 10 milliseconds or less),
future studies could leverage this feature to delve deeper into the
neural mechanisms underlying the impact of visual attention on
decision-making. Previous studies have looked into the impact
of gaze allocation on the neural valuation system (Hare et al,
2011a; Lim et al, 2011) and analyzed brain imaging data with
model predictions from SSM (Smith and Ratcliff, 2004; Hare et al.,
2011b; Gluth et al., 2012), separately. The integration of cognitive
models, eye-movement data and neuroscientific methods open
an opportunity for future studies to investigate human behaviors
from different level of analysis simultaneously. Furthermore, the
connection between model predictions and neural signals can
further substantiate the hypothetical role of visual information with
biological evidence (Smith and Ratcliff, 2004).

5.2 Concluding remarks

While numerous models take attention into account, only
those integrating eye movement components, such as data
measured by eye trackers, explain the relationship between visual
attention and choices. Incorporating dynamic visual attention
into decision-making mechanisms via cognitive models not only
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mirror real-life information acquisition and processing but also
enables researchers to explain more variability in choice patterns.
Crucially, these cognitive models provide a framework for future
studies to extensively examine the interaction between visual
attention, options, and preferences, spanning both behavioral and
neural levels.
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