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ABSTRACT
In two-sided marketplaces, items compete for attention from users
since attention translates to revenue for suppliers. Item exposure
is an indication of the amount of attention that items receive from
users in a ranking. It can be influenced by factors like position
bias. Recent work suggests that another phenomenon related to
inter-item dependencies may also affect item exposure, viz. outlier
items in the ranking. Hence, a deeper understanding of outlier items
is crucial to determining an item’s exposure distribution. In this
work, we study the impact of different presentational e-commerce
features on users’ perception of outlierness of an item in a search
result page. Informed by visual search literature, we design a set of
crowdsourcing tasks where we compare the observability of three
main features, viz. price, star rating, and discount tag. We find that
various factors affect item outlierness, namely, visual complexity
(e.g., shape, color), discriminative item features, and value range.
In particular, we observe that a distinctive visual feature such as a
colored discount tag can attract users’ attention much easier than
a high price difference, simply because of visual characteristics
that are easier to spot. Moreover, we see that the magnitude of
deviations in all features affects the task complexity, such that when
the similarity between outlier and non-outlier items increases, the
task becomes more difficult.
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1 INTRODUCTION
In two-sided marketplaces items compete for attention from users
since attention translates to revenue for suppliers. Item exposure
is an indication of how much attention each item receives from
users. Effective estimation of item exposure is crucial for challenges
such as item fairness [4, 5, 13, 14, 17, 20, 21, 25] and bias in coun-
terfactual learning to rank [1, 8, 9, 15, 16, 23]. Various modeling
assumptions have been proposed for item exposure estimation in
ranking. The position-based assumption [8, 9] is a widely accepted
model according to which the higher the position of an item is, the
more exposure it receives.

To the best of our knowledge, the modeling assumptions made to
estimate item exposure include inter-item independence and define
exposure as a function of an item’s position in a ranking. However,
recent research has introduced another phenomenon that accounts
for a particular type of inter-item dependency [18]: the existence of
outlier items in a ranked list may affect the exposure that all items
in the list receive. Here, outlier items are items that observably
deviate from the other items in a ranked list w.r.t. task-specific,
presentational features, like the price of a product in product search.

Sarvi et al. [18] show that the presence of outlier itemsmay result
in more (or less) attention being focused on and around the outlier
item compared to a list without any outliers. E.g., on an e-commerce
search result page, adding a red discount tag as a discriminative fea-
ture, to only one product can attract more attention to it irrespective
of its position or relevance to the query, thereby changing the ex-
posure distribution estimated based on position-based assumptions.
Although Sarvi et al. [18] provide critical intuitions on how outliers
affect user behavior, they do not study how different presentational
features are actually perceived by users in this context.

The perception and visual search communities have conducted
many studies into how the human brain can immediately identify
recognizable objects like outliers in an image and how different
visual attributes (e.g., color, shape) can add to the complexity of this
task [7, 19, 22, 24]. Informed by these studies, we design our task as
a visual search process where the objective is to find a target (i.e.,
outlier items) among distractors (i.e., non-outlier items), as fast as
possible.

Since presentational features can be composed of multiple visual
attributes, it is not trivial how they are perceived by users when
they act as a discriminative feature. To fill this gap, we compare dif-
ferent presentational features from the e-commerce search domain.
Our goal is to provide insights into how efficiently and accurately
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users detect outlier items w.r.t. these features. We consider three
observable features commonly used in e-commerce, viz. price, star
rating, and discount tag. Previous work has shown the importance
of these features in influencing users’ purchase decisions [2, 10].
Research questions. We aim to answer the following research
questions: (RQ1) How do deviations in the presentational features
of an item in a ranked list contribute to users perceiving the item
as an outlier? (RQ2) To what extent do the visual attributes (color,
shape, value) of each presentational feature affect the detectability
of the outlier?

We find that presentational features have different degrees of
observability and influence on items’ outlierness. E.g., a bright red
background color of a discount tag makes it easier to spot compared
to price which is shown as a number with a regular font size and
color. Moreover, the magnitude of deviations of observable features
affects the task complexity. This means that when the similarity
between outlier and non-outlier items increases (e.g. closer values
for price in a list), the task becomes more difficult.

2 METHOD
In this section, we describe the details of our crowdsourcing tasks.

2.1 Overview
We design our tasks as a visual search process [7, 19, 22, 24], where
the objective is to find a target among distractors. We focus on
the domain of e-commerce search, where the distractors are non-
outlier products in a ranking, and the target is the outlier products
that differ in at least one presentational feature. We compare three
presentational features, namely, price, star rating, and discount tag.
When considering a discount tag, our task is close to a disjunc-
tive search process known from visual search [22] that focuses on
detecting a target that differs from the distractors in terms of a
unique visual feature, e.g., the discount tag [12]. When regarding
price and star rating, our task is closer to conjunction search [22],
where the distractors exhibit at least one common feature with the
target [19]. However, unlike conjunction search, in our task the
difference between the target and the distractors is in the values
of the features not the features themselves (e.g., the value of the
product’s price). In the rest of this paper we refer to the target item
as outlier.

Following previous work [6, 22], we use reaction time (RT) and
accuracy to measure the effort it takes to detect the target (outlier)
among its distractors. The goal of this task is to examine and de-
termine which presentational features are easier to detect by the
workers, i.e., the shorter the RT to find the outlier, the easier it is.

We perform our experiments using two tasks, where we build
several synthetic product search result pages and examine how each
feature contributes to the outlierness of an item, both separately
and simultaneously. Below, we describe different stages of our two
tasks.

2.2 Instructions
In the instructions, we describe the overall goal of the research and
the concept of an outlier in a search result page, providing tangible
examples. We ask participants to scan and compare all items in a
list and flag outliers as fast as they can. We also ask them to fill out

a questionnaire after completing the tasks.

2.3 Task I
In the first task, we evaluate how fast any of the three presentational
features (price, star rating, discount tag) can be spotted on a search
result page. To this end, we explicitly describe and mention the
one feature at a time to the participants and ask them to scan the
list and find up to two outlier items, only with respect to the given
feature. For instance, after providing a definition of outliers in the
instruction, we mention that there are one or two outliers in terms
of different values for price in the list and that they have to find
them as fast as they can.We place one of the outliers at the top of the
list and the other at the bottom. To avoid position and randomness
bias, we keep the position of the outlier items fixed while other
items are randomly placed in the list.

Wolfe [24] suggests that visual features including luminance,
color, and orientation affect the RT in a visual search task. Following
this work and inspired by the experiments in [22], we tested two
variations of Task I, namely Type I and Type II, where we change
the shape, color and value of the presentational features to study
different magnitudes of deviation of the outliers from the rest. In
Type I, we use features that more strongly discriminate between
the outlier and the rest compared to Type II. For example, an outlier
w.r.t. price can be 10 or 2 times more expensive than other products.
We use the former in Type I and the latter in Type II. The same
goes for star rating. Regarding the discount tag feature we use
the suggestions by Wolfe [24] to distinguish between the outlier
items of Type I and Type II. In Type I we use a bright red color as
background with a bold white font stating that there is a special
deal on the product, whereas, in Type II, we use a light green text
without any background stating a 10% discount.

2.4 Task II
Unlike Task I, here we aim to examine the relative RT for the three
features (price, star rating, discount tag) when presented to the users
simultaneously. To better compare the three observable features,
we jointly present the different combinations of these features and
analyze the behavior of the users. While describing the three target
features in this task, we do not mention to participants which
features are being examined. Therefore, the workers are supposed
to go through the list, examine all items with respect to all the
features used in presenting the results, and then decide which
items are outliers. Note that there are more than three features
used to describe each item, for example, we used image, title and
delivery information next to the price, discount tag and star rating.
Moreover, we indicate that the workers have to mark a maximum
of three items as outliers. Here, we also randomize the position of
the outlier items while making sure that they appear both at the
top and bottom of the list. We run the task for all combinations of
at least two of the three features.

2.5 Page examination behavior
We record several signals related to participants’ page examina-
tion behavior and their interaction data, such as mouse hovering,
scrolling, viewed items, clicks, and time spent on task. To gain a
more accurate estimate of RT, we ask the participants to click on a
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Start button after reading the instructions. The search result page
appears only after the Start button has been clicked. We compute
the task completion time from the moment the workers click the
Start button.

2.6 Post-task questionnaire
We ask participants to fill out a questionnaire after completing the
task. To gain more insight into workers’ background and online
shopping behavior, we instruct them to fill out questions on their
demographics and familiarity with online shopping. Moreover, to
ensure that the workers understand outlier definition, we ask them
to answer a question about the definition of an outlier in search.

2.7 Quality control
We follow three strategies for quality control. As part of the post-
task questionnaire, we ask a multiple-choice question on the defini-
tion of outliers. All participants managed to answer this question
correctly. Also, following Kittur et al. [11], we ask workers to justify
their choice in a few keywords. We only remove the responses of
those participants who entered random tokens as justifications of
their answers. We also remove the responses of those who revisit
the instructions more than two times while performing the task,
since response time is crucial in this study.

2.8 Participants
We use Amazon Mechanical Turk as the platform for our crowd-
sourcing experiments, with workers based only in the U.S., with an
approval rate of 95% or greater. After quality control, we are left
with 140 assignments (92 for Task I and 48 for Task II), submitted
by 80 distinct participants. From the participants, 45% are female,
53% male, and 2% listed other genders. The majority of participants
(74%) are between 25 and 44 years old, with 5% younger and 21%
older workers.

3 RESULTS
In this section, we present the results of our crowd-sourcing tasks
in terms of the performance and behavior of the workers under
different experimental conditions.

Table 1: Worker performance metrics in terms of RT and
accuracy. Average (Avg.) and median (Med.) RT in seconds is
reported for the first and second outlier (out. 1 & out. 2).

Type RT out. 1 RT out. 2 Acc.
Avg. Med. Avg. Med.

Ty
pe

1 Disc. tag 4.22 3.62 8.90 8.00 0.98
Star rating 4.81 3.41 9.67 8.14 0.97
Price 8.38 5.50 12.44 11.77 1.00

Ty
pe

2 Disc. tag 19.84 17.88 25.57 26.88 0.99
Star rating 10.96 8.11 17.36 12.42 0.99
Price 10.62 6.03 14.21 11.90 0.98

Reaction time and accuracy. Following [6, 22], we use reaction
time (RT) and accuracy to measure the effort it takes to detect the
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Figure 1: Distribution of the RT for the (a) first and (b) second
outliers in both variations of Task I.

outlier among non-outlier distractors. Table 1 summarizes partic-
ipants’ average responses to Task I in terms of RT and accuracy.
Accuracy is high for all variations of Task I with a maximum of 1.00
for price in Type I and a minimum of 0.97 for star rating. We con-
clude from the high accuracy values that the workers grasped the
concept of outlier in a ranked list and were able to accurately find
them in the list. Next, we compare the time that the workers take to
spot the outliers. Table 1 shows that for Type I outliers participants
spotted the discount tags faster than the other two features in Task
I. This is followed by star rating with a slightly higher recorded
RT. As expected, we see that on average it took participants almost
twice as long to find the price outliers. We conducted a one-way
ANOVA test on RT for first outliers in Type I. Results show that
the differences are statistically significant with 𝑝-value < 0.05.

Detecting discount tags is similar to a disjunctive visual search
process, which has been shown to be easier to solve compared to
conjunctive search (i.e., star rating and price) [22]. Moreover, users
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favor simple options when they act under time pressure [3], which
can lead to being biased towards easy-to-detect visual features such
as discount tag. The higher RT for price can be attributed to the fact
that certain visual features, including color and shape, are processed
early in the brain using pre-attentive processes [22]. Star rating
and discount tag have more visual characteristics regarding shapes
and colors, however price is more simply presented in the product
descriptions.

Another related aspect is the unknown range of the price values.
This is less crucial for star rating or discount tag since the former
has a range between 1 to 5 and latter is a binary feature.
Type I vs. Type II. Next, we compare the results of Type I and
Type II outliers. Our goal is to understand how much changing the
magnitude of the deviations in terms of different features affect
user performance. One can compare different ranges of deviations
on specific features to model the relationship between the the devi-
ations and user performance, but we leave this as future work and
only compare two variations. The results in the upper and lower
parts of Table 1 suggest that the reduced magnitude of deviations in
all features leads to higher RT. Duncan and Humphreys [6] study
the same effect by pointing out that when outlier to non-outlier
similarity increases, the task becomes more difficult. Similarly, we
see that RT increases for all the features, and for both the first and
second outliers.

Moreover, we see in Figure 1 how the RT distribution of the
two outlier variants differ for Task I. As expected, the plots show a
higher RT for all features, and both outliers. However, it is interest-
ing to note that we observe the lowest relative effect on the price
(26.73% increase), compared to star rating (127.86%) and discount
tag (370.14%). We relate this to the visual nature of discount tag
and star ratings. Reducing the color contrast of discount tag would
have a greater impact on the user’s ability to detect it among the
distractors, compared to a different price ranges as the user still
has to carefully check the prices to detect the outlier. Regarding
the accuracy we see no drop, suggesting that even a more subtle
deviation in observable feature can be detected by many users.
Feature combinations. Figure 2a shows recall values for combina-
tions of features, where the y-axis indicates recall of a combination
of features and x-axis indicates the value for a specific feature. As
expected, detecting the outlier w.r.t. price is more difficult for partic-
ipants (on average, 1.3% and 7.3% lower values than for discount tag
and star rating). In terms of RT, Figure 2b confirms our findings in
Table 1, except for the combination of discount tag and star rating,
where on average participants found star rating ∼7.5 seconds faster
than discount tag. Perhaps, it is because the average position of
the outlier w.r.t. discount tag is lower than star rating (12 and 9.5,
respectively).

4 DISCUSSION & CONCLUSIONS
We compared three presentational features from the e-commerce
search domain and study their effect on attracting users’ attention
in a search result page, hence making an item outlier. Informed
by visual search processes [7, 19, 22, 24], we designed a series of
tasks where the objective is to find a target among distractors. We
instructed participants to find outliers in a result page, as fast as
possible. Below, we answer our research questions.
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Figure 2: (a) Recall and (b) RT for combinations of observ-
able features. Y-axis shows the metric of the corresponding
feature and x-axis shows the second feature used in the com-
bination.

RQ1. How do deviations in the presentational features of an
item in a ranked list contribute to users perceiving the item
as an outlier?. The complexity of observable features in terms of
visual characteristics and value range affects their observability to
users. Features that are more visually distinct from the rest of the list
and/or have a discriminative feature have a better chance to stand
out. Value range also plays an important role where features with
a known range of values are easier to detect when deviating from
the rest compared to features with an unknown value range. When
different features deviate simultaneously, they lead tomore complex
scenarios where usually the most visually observable feature tends
to dominate users’ attention.
RQ2. To what extent do the visual attributes (color, shape,
value) of each presentational feature affect the detectability
of the outlier?. Different levels of a feature’s deviation affect its
observability; however, the phenomenon is complex to model. In
the case of discount tags, a contrasting color plays a role. This
can further be quantified, which we leave for future work. As for
price and star rating, we modified the relative numerical difference
with the rest of the list and observed different reactions from the
participants, suggesting that future research in this area should aim
at quantifying and modeling the definition of observability and its
impact on user perception.

Although our work informs how different features contribute to
outlierness of an item, it cannot directly be used to estimate outlier
item exposure. In the future, we aim to design an in-situ user study
to track and model the impact of outliers on item exposure.
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