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abstract

To design interactive systems that proactively assist
users’ decision making, the users’ gaze information is an
important cue for the system to estimate users’ selec-
tion criteria. Users sometimes change selection criteria
while browsing content. Therefore, temporal changes of
those criteria need to be traced from gaze data in short
time scales. In this paper, we propose an approach to
detecting users’ distinctive browsing periods with its
appropriate time-scale by leveraging multiscale exact
tests so that the system can trace temporal changes of
selection criteria. We demonstrate the applicability of
the proposed method through a toy example and ex-
periments.
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1. Introduction

Making decisions among alternatives is a fundamen-
tal part of people’s daily lives. However, people some-
times only have a fuzzy understanding of their internal
selection criteria (a set of criteria for that decision).
Designing recommender systems that assist users by
interactively converging the users’ selection criteria has
thus been an important research topic [2, 4]. Under-
standing decision states of users such as which criteria
are currently in focus is essential to recommender sys-
tem design.
In this work, we propose a method to detect users’

currently active selection criteria (active criteria) from
gaze information. Gaze information is considered to
be an important clue to understand various aspects of
decision making [3]. To trace the temporal changes
of selection criteria, we need to consider (1) how to
estimate active criteria during short periods, and (2)
how to decide the window size for analysis.
To deal with the above problems, we first model neu-

tral browsing behavior of the users when they are not
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Figure 1: An obtained attribute-value sequence from
eye movements. Each color corresponds to a different
attribute value.

focusing on any specific criteria. Then, a multiscale ex-
act test is applied to detect the users’ distinctive brows-
ing behavior by its significance level. As a result, tem-
poral changes of selection criteria can be successfully
traced.

2. Method
We assume the situation where a user is brows-

ing a digital catalog on a screen. Each catalog has
information about a set of items I described by A
types of attributes, e.g., price. A set of possible val-
ues of the a-th attribute type is denoted as V(a) =

{V (a)
1 , V

(a)
2 , . . . , V

(a)
Ka

}.
2.1 Gaze information

Recorded gaze information is represented as a se-
quence of gaze items (i1, . . . , iT ) (it ∈ I). Note that
the time, t, is defined by the transition of gaze tar-
gets, that is, it−1 ̸= it. By referring to the attribute
values of each item it, we obtain A attribute-value

sequences (sequences of attribute value) {v(a)t }Tt=1 =

(v
(a)
1 , . . . , v

(a)
T ) (v

(a)
t ∈ V(a), a = 1, . . . , A) as shown in

Fig. 1. In this paper, we treat each sequence of at-
tribute values independently for simplicity.

2.2 Modeling neutral browsing behavior

Neutral browsing behavior is defined as browsing be-
havior of users when they are not focusing on any spe-
cific criteria. We simply assume that the users look at
items randomly when they are in the neutral brows-

ing. When the catalog contains N
(a)
k items that have

the k-th value of the a-th attribute, V
(a)
k , how likely
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Figure 2: Proposed method to trace temporal changes of selection criteria by multiscale exact test.

the attribute value is looked at can be represented as

p
(a)
k = N

(a)
k /N , where N is the total number of items

on the catalog.

2.3 Multiscale exact multinomial test

We utilize the exact multinomial test to detect users’
distinctive browsing behavior by its significance level to
the neutral browsing behavior. This method assumes
all attributes are categorical variables. Since it is dif-
ficult to decide the window size for analysis, we ex-
tend the exact multinomial test to multiple time scales
(Fig. 2).

Assume we have an attribute-value sequence of size
n and the k-th attribute value is observed xk times in
the sequence (k = 1, . . . ,K). The probability of x =
(x1, . . . , xK) in the neutral browsing follows a multino-

mial distribution, f(x;n,p) = n!
∏K

k=1 p
xk

k /xk!, where
p = (p1, . . . , pK) is multinomial parameters defined in
the previous section. Note that the attribute indicator,
a, is omitted for simplicity.

Let {vt′}tt′=t−n+1 be a substring of an attribute-value
sequence {vt}Tt=1, where 1 ≤ t ≤ T and n (1 ≤ n ≤ 10)
is the window size. The frequency distribution of at-
tribute values x(n,t) is calculated for each substring
(Fig. 2 Step 1). Then, the distinctive periods (as sub-
strings with time t and scale n) can be detected by its
significance level of the p-value (Fig. 2 Step 2). The
p-value can be calculated as

P(n,t) =
∑

x̂:f(x̂;n,p)≤f(x(n,t);n,p)

f(x̂;n,p), (1)

where x̂ is a potentially observed frequency distribu-
tion of attribute values (

∑K
k=1 x̂k = n). In each de-

tected distinctive period, if the relative frequency of
the k-th attribute value xk/n is higher than the multi-
nomial parameter pk, the k-th attribute value, Vk, is
considered the active criteria (Fig. 2 Step 3). As a re-
sult, temporal changes of users’ selection criteria can
be traced (e.g., the number of active criteria gradually
increases).

3. Evaluation

To evaluate the proposed method of tracing temporal
changes of selection criteria, it is applied to two types
of data: a toy example and actual gaze data collected
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Figure 3: Calculated p-values (P(n,t)) of toy example.
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Figure 4: Traced temporal change of selection criteria
on toy example. Each color shows each attribute value.

from eye tracking. The toy example was used to explain
and confirm how the proposed method works.

3.1 Toy example

Let us consider the following attribute-value se-
quence,
{vt} = (c, d, d, d, b, d, a, a, d, d, d, d, c, d, b, b,
a, b, b, d, c, c, d, d, a, a, d, b, b, a, d, d),
where possible attribute values are V = {a, b, c, d}.
Here, the multinomial parameters are given as p =
(1/12, 1/6, 1/4, 1/2).

3.2 Results on toy example

The calculated p-values and the traced temporal
change of selection criteria from the toy example are
shown in Fig. 3 and Fig. 4, respectively. In Fig. 3,
the short distinctive periods are detected at the lower
scale at (t, n) = (8, 2), and the long distinctive pe-
riods are detected at both lower and higher scale at
(t, n) = (26, 2) and at (t, n) = (30, 6). These results
show that the proposed method can detect both short
and long periods of distinctive behavior. In Fig. 4, the
attribute value a and b are detected as selection crite-
ria. Note that even though the attribute value d was
often looked at in the sequence, this was simply be-



eye tracker

Contents

Figure 5: Experimental environment.

cause many items had the value d, and not because it
was part of the hypothetical user’s selection criterion.
These results show that the proposed method can trace
the active criteria even when the numbers of items hav-
ing each attribute value are not uniformly distributed
in the catalog.

3.3 Gaze data collection

We conducted a preliminary experiment to evaluate
the proposed method with gaze data. In the experi-
ments, participants were asked to select one item out
of 16 items displayed on a screen (see Fig. 5). Each item
had four attribute types: category, price, ranking, and
review. We gave participants instructions that speci-
fied the requirements for items to select for each trial,
for example: “Select an item in Alcohol category and
with more than 4-star review.”.

3.4 Results on gaze data

An example result of calculated p-values and traced
temporal change of selection criteria from the actual
gaze data is shown in Fig. 6 and Fig.7, respectively.
The task was to select an item with the fourth cat-
egory V

(cat)
4 and more than 4-star reviews, V

(rev)
4 or

V
(rev)
5 . The multinomial parameters were p(cat) =

p(pri) = p(ran) = (1/4, 1/4, 1/4, 1/4), and p(rev) =
(3/16, 1/4, 1/8, 3/16, 1/4).
The top row in Fig. 6 shows that the participant kept

the focus on specific attribute value after t = 20. In
this period, the participant focused on the attribute

value V
(cat)
4 , which is specified by the task (see the top

row in Fig. 7).
Moreover, the other rows in Fig. 6 show that the

participant focused on specific attribute values inter-
mittently. Although the attribute values specified by

the task, V
(rev)
4 , V

(rev)
5 , are included in the detected se-

lection criteria, attribute values that are not related to
the task are also included (Fig. 7). This is because the

participant compared few items that have V
(cat)
4 and

the variety of attribute values decreased.

4. Conclusion and Future work
We presented a method to detect the active criteria

of users from gaze information so that we can trace
processes of decision making. An adapted multinomial
test to detect distinctive periods with multi time scale
is introduced to accommodate varying comparison pat-
terns of users. We demonstrate the applicability of the
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Figure 6: Calculated p-values (P(n,t)) of an example
gaze sequence.

proposed method with a toy example and with gaze
data collected from eye tracking.
In the future, we will apply the method to an inter-

active system that can assist users in decision making.
For instance, the system can probe users’ decision state
by suggesting alternatives based on detected selection
criteria and observing the users’ reaction.
Moreover, we consider extending the proposed

method to overcome the following current limitations.
First, we assume each attribute takes a categorical
value. However, some attributes (e.g., price) can have
order relations and that might be important to under-
stand users’ decision making behavior. To deal with
this, we consider exact test for ordinal variables. Sec-
ond, users’ gaze behavior is affected not only by their
selection criteria but also by the layout of the content
(e.g., center bias [1]), thus, users may not browse con-
tent uniformly. We therefore consider adjusting the
multinomial parameter p by considering the bias of the
content layout.
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