Eye-Movement Analysis of Search Effectiveness
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Advances in eye-tracking technology have promoted its widespread use to understand and improve target searches in psychology, industrial
engineering, human factors, medical diagnostics, and marketing. Eye movements are the realization of a complex, unobserved spatiotem-
poral attention process with many sources of variation. Eye-tracking data often have been aggregated and/or summarized descriptively,
because few adequate statistical models are available for their analysis. This article proposes a model that may serve to uncover the latent
attention processes of people searching for targets in complex scenes. It recognizes the spatial nature of eye movements and represents two
latent attention states, a localization state and an identification state, between which people may switch over time according to a Markov
process. A saliency map, based on low-level perceptual features and the scene’s organization, guide target searches in the localization state.
In the identification state, people verify whether a selected candidate object is the target. The model is applied to analyze commercial
eye-tracking data from more than 100 people engaged in a target search task on a computer-simulated retail shelf display. Rapid switching
between attention states over time is revealed. Estimates of the feature and saliency maps are provided and found to be related to search
performance. The results facilitate the evaluation of the effectiveness of alternative visual search strategies.
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1. INTRODUCTION

Target search is one of the most common and important tasks
that people perform daily; for example, radiologists search for
faint nodules in chest radiographs, air traffic controllers search
for aircraft symbols that pose a potential collision threat on
their radar screens, airport security personnel search for con-
cealed weapons in X-ray images of luggage, car drivers search
for traffic signs, and consumers search for products on web-
sites and overstocked shelves of retail outlets. Because search
tasks prevail in daily life, inaccuracies and slow response can
have serious implications. There is a long tradition of research
on target searches in psychology and other fields such as in-
dustrial engineering, human factors, and medical diagnostics
(Rayner 1998; Wolfe 1998; Ho, Scialfa, Caird, and Graw 2001;
Vora et al. 2002; McCarley, Kramer, Wickens, Vidoni, and Boot
2004). Such research aims to improve the selection and train-
ing of human search agents and the content and organization
of search displays, such as shelves and websites (Gramopad-
hye, Drury, and Sharit 1997; Wang, Lin, and Drury 1997; Yang,
Dempere-Marco, Hu, and Rowe 2002). A thorough understand-
ing of target search is required for those purposes. The goal of
the present study is to develop a statistical model, calibrated on
eye-tracking data, to contribute to that understanding and eval-
uate the effectiveness of visual search strategies.

The traditional approach has been to infer what people pay
attention to during searches from response accuracies and la-
tencies in search tasks (Pashler, Johnston, and Ruthruff 2001).
This has proven difficult, because attention is an unobservable
mental process, different attentional processes may lead to the
same search performance, and the same process may produce
different performances due to individual differences (Sanders
and Donk 1996; Pashler 1998). Therefore, research has focused
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on basic search tasks for abstract stimuli in simple multiele-
ment displays, rather than on searches for realistic targets in the
complex scenes that people encounter daily. This has hampered
progress in theory development and applications, because it is
not obvious that the findings thus obtained generalize to such
natural situations (Biilthoff and Veen 2001; Kingstone, Smilek,
Ristic, Friesen, and Eastwood 2003). This has led to a recent
surge in scientific interest in studying visual attention to com-
plex scenes and in the application of eye-movement recordings
to investigate target search (Yang et al. 2002; Duchowski 2003).

Eye movements constitute measures of the unobserved vi-
sual attention process with a high temporal and spatial resolu-
tion, and thus have the potential to yield insights about target
search that are hard to obtain otherwise (Findlay and Gilchrist
1998). Current eye-tracking technology enables examination of
comparatively large samples of individuals (Pieters and Wedel
2004), which facilitates quantitative analysis. But much of the
previous work has relied either on descriptive statistics of eye
movements or used models of only selected aspects of target
search (Zelinsky 1996; Inhoff and Radach 1998; Rayner 1998;
Motter and Holsapple 2001; Duchowski 2003). Despite their
potential to provide better understanding, comprehensive statis-
tical models of the spatiotemporal attentional processes under-
lying target search have not been developed. This may be due at
least in part to the complexity and computational requirements
of the modeling task. Here we propose and test such a model
for eye-movement analysis of search effectiveness.

2. EYE MOVEMENTS DURING TARGET SEARCH

Visual search is the process of locating a target among a set
of distractors in a scene (Wolfe 1998). The target can be any ob-
ject, like a red square, a bone fracture, a dot on a radar screen,
a splinter in a lens, or a product on a shelf. The distractors are
all other objects in the scene that are, not the target. In real life
searches, targets often are neither uniquely defined nor distin-
guished from distractors by only a few perceptual features, and
the distractors usually vary considerably among themselves as
well. These factors complicate search (Duncan and Humphreys
1989), and attention is required to reduce the uncertainty about
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both the location and the identity of the target. Location uncer-
tainty pertains to where in the scene the target is located, and
identity uncertainty pertains to whether an object that has been
located is the search target or a distractor.

Visual search thus is an active process that involves atten-
tion processes, which invoke movements of the eyes across the
scene to reduce location and identity uncertainties over time.
Eye movements on stationary scenes consist primarily of fixa-
tions and saccades (Rayner 1998). Fixations are brief moments
in which the eye is relatively stable, and serve to project an ob-
ject or region in the scene through the line of sight onto the
fovea, the small area of the retina with the highest acuity. Dur-
ing an eye fixation, information is extracted from the perceptual
field around the exact fixation position (Anstis 1974; Sanders
and Donk 1996). Saccades are rapid ballistic movements of the
eyes—during which vision is suppressed—to redirect the line
of sight to a new fixation position. The statistical challenge is
to identify the unobservable spatiotemporal attention processes
during target search using information on the pattern of eye
fixations. In our statistical model, the sequence of eye-fixation
positions are the units of analysis, because information is ex-
tracted at the fixation locations.

2.1 Attention Switching During Target Search

Because human information-processing capacity is limited,
efficient attentional mechanisms need to select the most rele-
vant information from the scene at any point in time. This in-
volves two latent attention states in which the reduction of lo-
cation uncertainty (‘“where”) or identity uncertainty (“what”)
prevails (Niebur and Koch 1998). There is ample evidence for
separate neural pathways in the human brain for object localiza-
tion and object identification. These are the dorsal (or “where”)
stream, passing from the primary visual cortex into the pari-
etal lobe, and the ventral (or “what”) stream, terminating in
the temporal lobe (Ungerleider and Mishkin 1982). Neuropsy-
chological research indicates that these separate pathways may
produce different eye-movement patterns, with more dense fix-
ations during identification (Bullier, Schall, and Morel 1996;
Thompson 2005).

2.1.1 Localization State. The visual brain decomposes vi-
sual information from the image projected on the retina into
separate maps, representing the basic perceptual features: color,
luminance, and edges. These feature maps, arising bottom-up
from the scene, are processed in specialized areas of the pri-
mary visual cortex that exhibit a detailed topographic repre-
sentation of the visual field (Hubel and Wiesel 1962; Zeki
1993; Fuster 2003). The visual brain builds a saliency map
of the scene as a weighted combination of the feature maps,
with the weights arising top-down from the search task and
knowledge of the person searching (Treisman and Gelade 1980;
Wolfe 1998). The saliency map is thought to be maintained in
specialized brain structures also involved in the motor control
of eye movements. In the localization state, the saliency map
guides the focus of attention (FOA) to quickly select scene re-
gions with candidate targets. Winner-takes-all and inhibition-
of-return mechanisms deploy attention to visit locations in or-
der of their saliency (Itti and Koch 2001; Pomplun, Reingold,
and Shen 2003).
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Attention also may be guided systematically by the scene’s
organization. On exposure, the search display is rapidly seg-
mented into its constituent objects and their spatial arrangement
(Duncan and Humphreys 1989; Wertheimer 2001). Attention
is then expressed in systematic, orderly sequences of fixations
and saccades across those scene segments (objects and regions)
(Ponsoda, Scott, and Findlay 1995; Horowitz and Wolfe 2003).
For instance, Monk (1984) observed systematic horizontal zig-
zag patterns (left—right and right—left) in eye movements during
target search across a regular multielement display.

These saliency and systematic search strategies (Horowitz
and Wolfe 2003) guide attention to localize candidate targets
in the scene. Little is known, however, about the relative im-
portance of different perceptual features in the formation of the
saliency map, the prominence of systematic search, and the ef-
fectiveness of these search strategies in complex scenes.

2.1.2 Identification State. Once a candidate is localized, at-
tention switches to the identification state. Then the candidate
object is matched to a template of the target in memory from
which detailed information must be sampled. Because complex
objects in cluttered scenes cannot be identified in a single fix-
ation, refixation is needed to verify their identity (Henderson,
Weeks, and Hollingworth 1999). Search terminates in the iden-
tification state when sufficient evidence is available for a posi-
tive match, and continues in the localization state in the event
of a negative match. No comprehensive statistical models have
been developed that allow these attention processes to be cap-
tured from eye-movement data.

3. DATA DESCRIPTION

We analyze eye-movement data collected by a marketing
research company in a brand search experiment. Consumers
engage in brand searches almost every day, yet brand search
turns out to be a challenging task that merits more investigation
(Dréze, Hoch, and Purk 1994).

3.1 Experiment

A total of 106 randomly sampled consumers (52% female
and 48% male; age range 16-55 years) participated in the ex-
periment. Participants were instructed to search for a specific
brand (providing the brand name as a cue) of coffee among a set
of 12 different existing coffee brands on a computer-simulated
supermarket shelf. They indicated that they found the target
by touching it on the touch-sensitive screen. The instructions
and search display were presented on NEC 21-inch LCD mon-
itors, and participants were seated in front of the screen. The
search display was shown full-screen at a resolution of 1,024 x
1,280 pixels (approximately 15.5° x 19.4° of visual angle) in
full-color mode. It contained 12 brand groups, with size rang-
ing between 3.0° x 3.6° and 3.0° x 5.8° of visual angle, and
multiple replications of each brand (“facings”) in these groups
(109 in total). The display was presented for a maximum of
10 seconds, which is realistic for in-store product and brand
search (Hoyer 1984). During the search task, participants’ eye
movements were recorded with infrared corneal reflection eye-
tracking methodology, with a temporal resolution of 20 ms and
spatial resolution better than 0.5° (Wedel and Pieters 2000;
Duchowski 2003). The specific eye-tracking methodology al-
lows participants to freely move their head within a virtual box
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of about 20 inches, while cameras track the eyes and head con-
tinuously. For all 106 participants, the complete pattern of fix-
ations and saccades across time and the search display was re-
tained.

3.2 Data Structure

Figure 1 presents an example of the eye-movement pattern
(top) and the corresponding data for a specific individual (bot-
tom). The brands share perceptual features, such as shape and
colors, and there are multiple packages in each brand group, as
shown in Figure 1, making the search task difficult. The eye-
movement data consist of the coordinates of the sequence of
fixations on the LCD display. This makes it possible to relate
the fixation positions to image characteristics at the pixel level,
such as its RGB color values, the brand group to which it corre-
sponds, and whether or not it represents a text element, such as
the brand name. We define the data in terms of these character-
istics of the exact fixation positions. For example, in Figure 1,
the first fixation is on pixel (445, 418), which belongs to brand
group 6, is not a text element, and has RGB values (189, 157,
106).
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Figure 1. Computer-simulated shelf with an observed pattern of eye
movements. The circle in the top figure indicates the first eye fixation.
The target is in the top left of the display. An observed pattern of eye
movements of a single individual is superimposed on the display. It
consists of 14 eye fixations (dots), connected with 13 saccades (lines
connecting the dots). The table indicates for each eye fixation its ex-
act pixel position, as the display is represented as a matrix containing
1,024 x 1,280 pixels. For each pixel, we code to the brand group to
which it belongs, whether it is part of the text (1 when pixel is part of
the text, 0 otherwise), and its RGB color value.
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3.3 Decomposition of the Search Display

We decompose the search display (Fig. 1) in basic features
and segments/objects to determine the role of the saliency and
systematic strategies in target search. We use the basic percep-
tual features, color, luminance, and edges (Wolfe 1998; Itti and
Koch 2001), and coded as segments of the image the shelf, the
12 brand groups, and text elements in the brand groups. For
each pixel in the display, the RGB values and the object and
text to which it belongs are known, coded as 1,024 x 1,280 ma-
trices. The RGB values in each pixel are used to define color,
luminance, and edges. We code color features for red, gold and
blue, because these colors differ systematically in diagnosticity
in the current search display and task. Red has low diagnostic-
ity because many brands share it; gold and blue have high di-
agnosticity because few objects share it, with gold having neg-
ative (absent in target) and blue having positive diagnosticity
(present in target). Colors are coded as dummy variables at the
level of pixels. Luminance is computed as the weighted sum of
the three RGB values, following the NTSC and JPEG standards
(Gevers 2001): Stuminance = -299R + .587G + .114B. The lu-
minance values are then used to compute the edges of objects,
because edges are sharp changes in luminance. In the visual
brain, these edges assist in scene segmentation. Following Marr
(1982), we define edges at locations with a maximum change in
luminance, which occurs where the second-order derivative of
luminance equals 0, and retain those corresponding to the bor-
ders of the shelf, brand groups, and text elements in the display.
Shelf, brand, and text segments are coded as dummy variables
at the level of pixels, that is, as 1 if the corresponding pixel
belongs to the specific segment, and 0 otherwise.

4. THE MODEL

Let S ={S1, S2, ..., Sy} represent M basic features (color,
luminance, edges) of the search display D. Each S§,,, with
mel,..., M, represents a R x C matrix that contains the value
of feature m for each pixel (in the application, R = 1,024 and
C = 1,280; see Sec. 3.3). Similarly, O = {01, O3, ..., Og}
represents Q different R x C matrices representing image seg-
ments (shelf, brand groups, and text elements) of the display,
where O, (r, ¢) = 1 if pixel coordinate (r, ¢) belongs to segment
q (withg € 1,..., Q). Because visual acuity declines progres-
sively with increasing eccentricity from the current ith fixation
position (rp;, cpi) for individual 4 (Anstis 1974)—that is, from
foveal to peripheral vision—we assume that the perceptual field
from which useful information is extracted is represented by a
bivariate normal distribution around (r;, cp;) with a standard
deviation equal to ¢. Thus the value of S, (7, ¢, ¢) in location
(r, ¢) with perceptual field ¢ is defined as

Sm(r,c, )= Sm(a,b,0
0 \/EC /(a,b)eD (@ )

_@=r?+b-c?
X exXp 22

)dadb. (1)

We define O4(r,c,¢) in a similar way. [We suppress ¢ in
Sm(r,c,¢) and Oy4(r,c, ¢) for simplicity of notation, where
possible.] The perceptual field acts as a spatial smoother with
a Normal kernel and bandwidth of ¢. Previous research has
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shown that the perceptual field is between 1 (Pomplun, Rein-
gold, Shen, and Williams 2000; Motter and Holsapple 2001)
and 2 degrees of visual angle (Rayner 1998), which corresponds
approximately to foveal vision. Setting ¢ to these values, how-
ever, accommodates peripheral vision with lower levels of vi-
sual acuity as well. In the empirical application, we compare
models with several prespecified values of ¢.

If the i th fixation of individual 4 is at pixel location (r;, cp;),
then its corresponding value for feature m equals S, (rpi, chi)
and that for image segment g equals Oy (74;, cx;i). In the model
we use Ow, G(ryi—1.cni1) This Chi), where we(q), t=1,..., T
maps each image segment to the subsequent segment as dictated
by the ¢th predefined search strategies and where g(r,c) = ¢ €
1,..., O indicates to which segment each pixel belongs. Refix-
ations on the same image segment are considered special cases
in which w;(g) = g. We construct, for each i, & and (r, ¢), a
K x 1 pixel information vector vp; (r, ¢), where K = 1+ M 4T,
defined as

vpi (1, €)

M Basic Features

- [1, S1(r.0), ... S (r. ),

T Image Segments

Owl(f;(rh,i—lsch.i—l))(r’ C)senns OwT(q(Vh.i—l»Ch,i—l))(r’ C)]
(@)

The sequence X, = (741, cn1), ..., (Fhny,» Chony ), With ny in-
dicating the last eye fixation of individual %, is assumed to arise
from a spatial point process (Cressie 1993) on the display D,
with intensity functions A ; (85, v (r, ¢)) for each of two atten-
tion states j, j = {1, 2}, representing the localization and iden-
tification attention states. (We suppress the subsript i on j; for
simplicity of notation, where possible.) Note that these are un-
observed states of the attention process. The dynamics of the
transition between these two states are governed by a Markov
process, which probabilistically affects the observed pattern of
eye movements. Top-down processes influence the construction
of the saliency map and the systematic search strategies in the
localization state, through weights on the feature and segment
inputs from the search display, vy; (r, ¢), represented by the vec-
tor 6, = {0n1,0n2,...,0nk}. In the localization state (i.e.,
j =1), all K parameters are estimated, because both saliency
and systematic search may operate. In the identification state,
only the parameters pertaining to refixations on the same im-
age segments (text elements and brand groups) are estimated
(O2nk—1, O2nk); all other parameters are set to 0.

Because eye-movement patterns vary substantially between
individuals (Rayner 1998), we assume a normal distribution for
the individual parameters, 6, ~ N(u;, ¥;), with X; diagonal.
We assume that individuals switch between the two latent atten-
tion states according to a Markov process with transition ma-
trix IT (Liechty, Pieters, and Wedel 2003). For each observed
fixation point (7y;, cpi), the intensity function over the search
display [, y)ep *j(©@jn. vni(a, b)) dadb integrates to 1. Thus
Aj(@jn, vpi(r, ¢)) can be interpreted as the probability that fixa-
tion i of individual 4 will be directed to pixel (r, ¢), given that
it is generated in attention state j.
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We use the following formulation for the intensity function:

Aj(6jn vni(r,0)) = (ni () -6;n)”
J\Yjh> Vhill', f(a’h)e[)(vhi(a’b)'Gjh)zdadb

_ (vpi(r,0) 0jn)? 3)

9} 7 VhiOin ’
with Vj; a K x K matrix in which element (k1, k2) represents
the cross-product between pixel information elements k1 and k>
over the display D, that is,

Vilkr, k2] = / (vnik, (@ b) - vhigy (. b)) dadb.  (4)

(a,b)eD

The square-root link function in (3) ensures nonnegativity of
Aj(-) and is theoretically appealing because it formulates the
spatial intensity on the surface of the display A;(-) as the
square of the (weighted) sum of the one-dimensional features
and image segments contained in the pixel information vector
vpi (r, ¢). In addition, it renders the model computationally fea-
sible, because it simplifies the computation of the normalizing
constant in (3) because, as shown in (4), V;,; does not depend
on the parameter values.

Collecting all parameters in ®, given the observed sequence
X = (Xy,...,Xn), with H representing the total number of
participants in the experiment, we have the following hidden
Markov model (HMM) likelihood (Scott 2002):

L(X: ©)
H 2 2 my
=n({ S [T
h=1\Ujp=1  j, =1i=2

2
x A (On, vni (rai, Chi))} l_[ éOjn, 1j, E(/)>, )

j=1

satisfying

/ Aji (0jn. vni(a, b)) dadb =1
(a,b)eD
Vji=1,2,Vh=1,..., HVi=2,...,n5. (6)

We assume, to identify the model, that the first fixation of each
individual is made in the localization state (i.e., j; = 1), be-
cause it is thought to be used by the visual brain to rapidly ex-
tract features and segments from the image (Friedman 1979;
Henderson et al. 1999). Therefore, S and O do not guide the
first fixation, and its position is not taken into account in esti-
mating 0. Restriction (6), which is satisfied by (3), induces the
loss of 1 degree of freedom, so that we constrain the constant
Ojn1, for each j and h to be equal to 1.

4.1 Estimation

The model is estimated using Markov chain Monte Carlo
(MCMC) methods. Combining (3)—(6) with conjugate prior dis-
tributions for u; [i.e., uj ~N(n;,L;)] and X; [i.e. EJ._I ~
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W(Gj, g;), j =1,2] leads to the following conditional poste-
rior distribution for ®:

H 2 np
P(®|X)O<HH H Xj (O, vni (rai, chi))

h=1j=lizpi=j

x p@jnliej, =7 pGuj) - p(E7H. (D
In (7), the latent variables zp; € {1, 2} indicate the attention
state from which fixation i of individual / is generated (Robert,
Celeux, and Diebolt 1993); the zj;’s on which (7) is conditioned
constitute a Markov chain with transition matrix IT= (7}, j,),
with 7, i, = P(zpi = j2lzn,i—1 = j1)-

4.1.1 Conditional Posterior for 6.

posterior for 65 as

Using (7), we write the

POjnk|Ojn,—ks 1 j, Ej_], X)
np
X P Ojnk> Wjk»>Ojkk) - 1_[ Xj(On, vni (rai, cni)). (8)
i:zpi=]

Because A (0n, vpi (rhi, cri)) > 0 for every eye fixation i, we
apply augmented variable Gibbs sampling (Damien, Wake-
field, and Walker 1999; Neal 2003). Toward this end, we in-
troduce auxiliary variables uj; drawn uniformly from the inter-
val [0, A (0n, vai (i, cpi))]. Conditional on these, the individ-
ual parameters 8¢, k =2, ..., K, are drawn sequentially from
truncated normal distributions (Robert 1995) such that

Upi < Aj (9‘/11, Vi (Phi Ch,')) Vi, zpi = J. )
The allowed region implied by (9) is determined analytically.
4.1.2 Conditional Posterior for w and £~'. The condi-

tional posteriors for 1 ; and Ej_l are standard,

H
Mj|...~N(B,-(2j‘1Zejh+L;1nj>,Bj> (10)

h=1

and

H
DY ~--~W((Z(9jh — 1) Ojn — i) + G;1>, H +g,~),
h=1
(11)
where Bj = (HZ; '+ L7H)7".

4.1.3 Estimation of z and T1. We draw the missing vari-
ables zj; from a hidden Markov chain with transition probabil-
ities 7, j, = P(zpi = j2lzn,i—1 = j1). We postulate a Dirich-
let prior distribution IT;. ~ D(&;.) for each row j of II, with

E= (g; gi) and use the forward—backward recursion algo-

rithm to estimate z (Chib 1996; Scott 2002). Given z, the pos-
terior distribution of IT;. is given by

H ny
nj.|~--~D(s,-1 +Y > Hanioi=j}- Hai=1)

h=1i=2
H ny

En+ Y Y Hanioi=j}- Iz = 2}), (12)

h=1i=2

with 7{-} the indicator function.
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The MCMC is run with a burn-in of 10,000 and 2,500 target
draws thinned 1 in 2, convergence is monitored using standard
methods. We standardize the data such that

/ (vpik(a,b))?dadb=1  Vk=1,...,K,
(a,b)eD
and

f vpir(a, b) - vpi1(a,b)dadb =0 Vk=2,...,K.
(a,b)eD

In the identification state, we restrict all parameters to 0, ex-
cept for those corresponding to the refixations on the im-
age segments. Thus, label switching does not occur, because
the two hidden Markov states are differently parameterized
(Friihwirth-Schnatter 2001). We use diffuse priors, n; = 0,
L; = diag(1,000), G ; = diag(1), g; = K; + 1, and E = (| ),
with K; the number of free parameters in attention state j.
Analysis of synthetic data, reported in Appendix A, reveal that
the chains converge before the burn-in and recover the true pa-
rameters well within twice the posterior standard deviation. We
compare models with different perceptual fields by computing
the log-marginal densities of the data with the method of Chib
(1995).

5. RESULTS
5.1 Saliency and Systematic Search

We investigated the size of the perceptual field by estimat-
ing models for a range of values of ¢, and comparing the log-
marginal densities (LMDs) based on the work of Chib (1995).
We obtained the following LMD values for different perceptual
fields: ¢ = 1.0, LMD = —25,525; ¢ = 1.6, LMD = —25,479;
¢ =1.8, LMD = —25,464; ¢ = 2.0, LMD = —25,497; and
¢ =2.3, LMD = —25,576. The maximum occurs at { = 1.8°
of visual angle, for which we present the results next.

Table 1 presents the parameter estimates of the feature and
saliency maps, as well as those representing systematic search,
in the localization state. The color red is the “category code”
shared by most brands in this category, including the target,
and thus is not very diagnostic. The credible interval of its pa-
rameter does not cover 0, with a median estimate of .25, in-
dicating that this feature strongly contributes to the salience
map and guides attention in the localization state. The nega-
tively diagnostic color gold (absent in the target) appears to at-
tract attention as well, although less strongly, as indicated by
a posterior median estimate of its parameter of .18. All draws
from the posterior distribution of this parameter are positive.
Interestingly, the posterior median of the positively diagnostic
color blue (present in target) equals .38, and 97% of the poste-
rior draws are larger than those of the category code red. This
reveals the strong top-down weight placed on this feature dur-
ing search. The negative posterior median for luminance (—.16)
shows that the FOA is directed to the darker regions and away
from the brighter regions of the display. The posterior medi-
ans of the standard deviations of the heterogeneity distribu-
tions are relatively large. This indicates that individuals differ
substantially in the weights they place on the perceptual fea-
tures top-down, probably because they retrieve from memory
different templates of the target. The posterior median of the
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Table 1. Parameter estimates of overall means and variances for
search strategies: Median and credible intervals

n o
percentiles percentiles
Parameters 025 500 975 025 500 975

Localization state
Refixation brand .08 .26 .40 17 .23 31

Refixation text —-42 =25 -3 18 .23 .30
Saliency
Color
Red 12 25 .36 .15 .19 .24
Gold .07 18 .29 15 18 22
Blue 31 .38 45 .16 .20 .25
Luminance -25 =16 —-.08 .15 .19 .25
Edges
Brand group -38 =28 —-.19 17 23 .29
Shelf .35 51 .69 .16 .20 .25
Systematic
Horizontal zigzag
Left-right .39 47 .56 .19 .25 .32
Right-left 43 51 .59 .16 .20 .25
Identification state
Refixation brand 2.63 3.33 4.07 .27 43 .69
Refixation text 1.83 2.55 3.43 .29 45 74

parameter for shelf edges is positive (.51), indicating that peo-
ple segment the scene based on the shelf layout to help guide
attention (Wertheimer 2001). Quite interestingly, the posterior
median of the edge parameters corresponding to brand groups
is negative (—.28). This reveals that individuals actively direct
their FOA away from the edges and to the center of the brand
groups, where diagnostic information is expected to reside.

Using the posterior medians of the parameters for the per-
ceptual features, we can now estimate a saliency map for each
individual separately. Figure 2 presents the aggregate saliency
map and the feature maps on which it is based. Table 2 presents
the relative saliency of each brand group on the shelf, which is
computed as

relative saliency object g
o % Japyeg 11ty vai(a, b)) da db
“w (w) ’
W T X0t Janyeq 11y > vni(a, b)) dadb

13)

Table 2. Relative saliency of the 12 brands on the shelf

Percentiles” Percentiles
Brand .025 .500 975 Brand .025 .500 975
1 2.89 337 3.89 7 78 .86 94
2 1.09 1.20 1.33 8 1.06 1.20 1.37
3 .97 1.08 1.21 9 31 .40 .53
4 .70 .81 .92 10 72 .88 1.04
5 51 1 .92 11 .14 .30 .50
6 .25 41 .59 12 .70 .81 .93
Shelf 1.00 1.00 1.00  Borders .08 .10 .13

* Values > 1 indicate relatively high saliency; values <1 indicate relatively low saliency.
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where w = 1,..., W represent the target draws from the
MCMC sampler and Q represents the subset of Q representing
the brand groups. In Table 2 values >1 correspond to brands
with a relatively high saliency. Whereas the relative saliency
of the target brand (g = 1) is high (3.37), a number of distrac-
tor brands (g =4,5,6,7,9, 11, 12) have saliencies significantly
lower than 1.00. Thus the saliency measure (13) effectively as-
sesses the perceptual “pop-out” of the target brand and inhibi-
tion of distractors.

Inspection of Table 1 shows that the FOA in the localiza-
tion state is also guided by systematic search strategies, with
the left-right and right-left strategies having large and simi-
lar posterior medians of .47 and .51. These results demonstrate
guidance of attention by the scene’s organization (Monk 1984;
Ponsoda et al. 1995), and are evidence for the combined use of
systematic and saliency-based search.

5.2 Switching Between Attention States

The estimates for refixations differ strongly and systemat-
ically between the two attention states. The posterior medians
for refixations on the brand (.26) and text elements (—.25) in the
localization state reveal that the FOA during localization is re-
directed somewhat to the brands, but away from the text. This is
in strong contrast with the posterior median estimates for refix-
ations on the brands (3.33) and text (2.55) in the identification
state, both of which are much higher and positive, indicating
that resampling package information, particularly its textual in-
formation, is important to verify the candidate’s identity. The
large estimates of the standard deviations of the heterogeneity
distributions of these parameters suggests that whereas some
individuals rely more on textual, others focus more on pictorial
information such as the logo.

Table 3 presents the switching probabilities between the two
unobserved attention states. It reveals the importance of both
states in target search, corroborating the findings of Liechty
et al. (2003) for scene perception tasks. It shows that partici-
pants are overall more likely to be in the localization state (me-
dian probability, .67) than in the identification state (.33). But
still, one-third of the eye fixations are used to reduce uncertainty
about brand identities. In line with this, there has been a grow-
ing recognition of the importance of object identification in
computational approaches to visual search (Itti and Koch 2001).
The probability of switching from localization to identification
is much lower (median, .38) than the reverse (median, .78). To
illustrate attention switching during target search over time, the
estimated switching patterns of two participants are shown in
the right part of Figure 3, along with their observed pattern of
eye movements and estimated saliency maps in the left part. It
illustrates the large individual differences in the saliency maps
and in attention switching over time.

Table 4 shows that median fixation durations in the local-
ization state (241 ms) are significantly longer than those in
the identification state (213 ms). This difference is in accor-
dance with research that fixation durations during scene percep-
tion (localization) are substantially longer than during reading
(identification) (Rayner 1998), and is consistent with our find-
ings about refixations in the two attention states.
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Figure 2. Estimated aggregate feature and saliency maps.

5.3 Exploring Effectiveness of Search Strategies

To gain insight into the model’s external validity and eval-
uate the effectiveness of search strategies, we examine how
individual-level parameter estimates (65 ) relate to search ac-
curacy and latency. We do this post hoc, with logistic regression
analysis of the binary accuracy indicator and regression analy-
sis of the log of search time (both variables were not used in
model calibration). Eighty of the 106 participants found the tar-
get brand within the available 10 seconds; 14 participants found
the wrong brand, and the remaining 12 ran out of time.

Table 3. Transition probabilities between localization and
identification state of attention

Localization state Identification state

From row to column percentiles percentiles
Localization state .57 .62 .67 33 .38 43
Identification state 71 78 .86 .14 22 29

Limiting probabilities .63 .67 71 29 .33 37

The individual-level parameter estimates predict search per-
formance well (R* accuracy = .72; R? latency = .38) and
remarkably consistently. That is, individuals placing a high
weight on the positively diagnostic color blue found the tar-
get significantly faster (8 = —2.41; standard error [SE] = .54)
and more accurately (8 = 15.52; SE = 6.37). Individuals di-
recting their FOA toward the nondiagnostic color red, shared
by many brands, were clearly less accurate (8 = —29.26; SE
= 7.52). Participants directing attention away from brighter re-
gions were generally more accurate (8 = —22.93; SE = 9.57).
Directing attention to the negatively diagnostic color gold did
not influence search performance, nor did emphasizing system-
atic search strategies. Time spent in the identification state neg-
atively affected search accuracy (8 = —22.62; SE = 8.52), but
not latency of search. This is probably due to the fact that par-
ticipants with only a weak template of the target brand need
to spend more effort on identification. Individuals who refixate
more on text information in the identification state (i.e., reading
the labels on the package) tend to be more accurate (8 = 7.80;
SE =4.71).
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Figure 3. Switching between localization and identification and estimated saliency maps of two participants. Participant 80 (top panels) found
the target in 3.22 seconds. Participant 15 (bottom panels) inaccurately indicated a distractor in 6.66 seconds. The estimated saliency maps (left),
in which saliency is plotted vertically on the r—c coordinates of the display, demonstrate that the target stands out for participant 80 but not for
participant 15. Compared with participant 15, participant 80’s eye movements express a systematic pattern (a circle denotes the first, and a square
the last eye fixation). The graphs with switching probabilities between the two attention states over time (right) show more intense switching for

participant 15 compared with participant 80.

6. DISCUSSION

Eye tracking provides a powerful tool for better understand-
ing visual search on complex displays, especially with modern
technology that enables data to be collected at unprecedented
scales, in academic and commercial settings. But identifying
latent visual attention from eye-tracking data requires a statisti-
cal model such as the one presented here to allow inference on

Table 4. Mean fixation durations in localization and identification
state of attention

Mean fixation duration (ms)

percentiles
.025 .500 975
Localization state 238 241 245
Identification state 207 213 220

these key attention processes from eye movements. Our model
(calibrated to eye movements) provides estimates of the fea-
ture maps and the resulting saliency map, thought to be main-
tained in specialized areas of the brain. It offers measures of the
visual saliency of complex objects, describes the time course
of the localization and identification states of attention, and
determines the contribution of systematic search. Our results
support the notion that people pre-consciously, but effectively,
segment the scene and use the spatial arrangement of the seg-
ments to facilitate systematic search behavior; however, the use
of such systematic search strategies was shown not to improve
search performance. The results reflect the complexity of the
task (Duncan and Humphreys 1989), requiring people to repeat-
edly switch to the identification state to determine the identity
of a candidate and then switch back to continue localizing new
candidates when the earlier one is not the target. Refixations on
text are important for identification, and this reading improves
the effectiveness of search.
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These findings reveal how individuals break up the complex
task of target search into simpler subtasks between which they
repeatedly switch to optimize search performance over time.
The high spatiotemporal resolution of eye-tracking data allows
our model to identify the activity of the attention states over
time, presumably reflecting activity of the “where” and “what”
pathways in the visual brain. An important area for future re-
search is the further validation of this model component and its
relation to these pathways. Other avenues for further research
are to extend the model to include the duration of fixation, the
role of peripheral vision, and indicators of search performance.

We believe that the application of the proposed model allows
assessment of the effectiveness of search strategies and may aid
in the optimization of search displays and the training of search
agents. It may contribute to research in industrial engineering
and human factors that seeks to uncover efficient search strate-
gies to improve search performance. Applied to analyze the eye
movements of experts, it may be used to develop guidelines for
the training of novices (Wang et al. 1997) and to support the
design of robotic vision systems, in which HMMs have already
proven effective (Rimey and Brown 1991). Analyses such as
the one provided in our empirical application can be used to
optimize the design of search displays based on their estimated
saliency. As a case in point, the model was used here to assess
the saliency of brands, which influences in-store choices made
by consumers (Dreze et al. 1994) and may be used for optimal
package and shelf design.

Our results may also contribute to the further development
of computational theories of visual search (Niebur and Koch
1998). In many cases, such computational models can incor-
porate more behavioral detail than a statistical model, not be-
ing hampered by the need to estimate the model parameters
from behavioral data. But, similar to these models, our model is
rooted in the biological architecture of the visual brain, whereas
its estimation is facilitated by MCMC methodology. Whereas
computational models reproduce experimental findings of vi-
sual search using simulation based on a priori defined parame-
ter settings, the proposed model provides the crucial parameter
estimates directly from eye movements observed during visual
search. Thus our methodology may serve to obtain the parame-
ter inputs of computational models and can complement these
models by providing an empirically grounded understanding of
visual search.

[Received August 2004. Revised May 2006.]
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