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ABSTRACT
In this paper we aim to explore the effects of advertisement (ad)
quality and position in search engine result pages (SERPs) on a
mobile device. We conducted a lab-based eye-tracking study to
investigate search time, behavior, and user satisfaction with ads
of good or bad qualities positioned at the top or middle of organic
results. Our findings suggest that users pay attention to ads re-
gardless of their quality or position. However, they tend to pay
different amounts of attention to organic results and SERPs because
of ad quality. We also found that user satisfaction and the chance
of clicking on an ad vary according to ad quality and position.
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1 INTRODUCTION AND RELATEDWORK
Search engines, e.g., Google and Bing, often display advertisements
(ads) at the top/middle/bottom of search engine result pages (SERPs).
The ads look similar to the organic results on SERPs except for some
visual clue such as an ad icon. The ads underpin the business model
for many search engine companies; for marketers, they are an
important method for attracting users to websites [7, 23].

In desktopweb search, the ads in SERPs can be useful for searches
for a specific product and service [4]. They are known to attract
greater user attention if located on the top of a SERP [10]. Search be-
haviors with ads can differ because of their presentation styles [21].
However, people often ignore ads while searching [10, 12], and
search engines sometimes provide bad quality ads, i.e., irrelevant
to the information the user is looking for, which may cause lower
search efficiency [4].
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Mobile devices are commonly used for web search. Around 53%
of paid-search clicks in the US come from mobile devices1. The
cumulative value of such clicks was estimated to reach $28.25 Billion
in 20192.

According to past work, e.g., [14, 15, 20, 24], mobile web search
behavior is different from desktop search behavior because of the
smaller screen sizes and the touch screen keyboards. Some stud-
ies [6, 7] support that there is no “ad blindness” on mobile devices,
unlike on desktops; i.e., users will look at ads if they are provided
by mobile search engines, which is a different behavior on desk-
top screens [10, 12]. However, other survey research shows that
two-thirds of respondents skip ads while searching on mobile de-
vices [23]. Although there have been a few studies related to how
users interact with ads onmobile SERPs, we wondered how users in-
teract with ads on mobile devices according to different ad qualities
and positions in SERPs.

Considering the previous work on the effects of ads, we con-
ducted a lab-based eye-tracking user study to investigate the fol-
lowing research questions:

• RQ1. How does ad quality (good or bad) affect mobile
web search behavior? In desktop web searches, users pay
more visual attention to good quality ads [4]. We ask if this
observation is the same for mobile web search. To the best
of our knowledge, this question has not been asked before.

• RQ2. How do users interact with ads in different SERP
positions (top or middle)? Users may show different be-
havior due to different ad positions. This aspect of ad place-
ment has not been studied before on mobile devices.

Eye–tracking provides information on user cognition [11, 25],
and is commonly adopted to explore search behavior, e.g., [6, 9, 10,
15, 16, 18, 20]. To investigate the research questions, we employed
an eye-tracker to measure users’ attention to ads and organic re-
sults. In addition, we measured the search behavior, e.g., click and
scrolling, and determined user satisfaction. The main difference
between the previous eye-tracking user studies on mobile devices
is that we measured the user attention on the areas beyond the
page fold (i.e., scrolling from the initial viewports), which provides
the comparison between user attention on ads and organic results.

2 USER STUDY
2.1 Subjects
We recruited 27 students with varying backgrounds, e.g., computer
science, mathematics, nursing, and physics from a local university
1https://searchengineland.com/mobile-desktop-search-traffic-split-may-have-
stabilized-at-roughly-60-40-317091
2https://www.invespcro.com/blog/mobile-search-engine-advertising/1
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Table 1: Examples of task descriptions and queries and good and bad quality ads for each task.

Task description (given task query) Good quality ad Bad quality ad

• Assuming you get married soon and
you are preparing a wedding ring for
your partner. Find an online shop to
purchase a wedding ring. (wedding ring
online)

• Title: BuyWedding Rings Online Now • Snip-
pet: Wedding Rings From Only 350! Shop On-
line or In-store Today. Master Jewellers. Life-
time Guarantee. 12 Locations. Superior Qual-
ity.

• Title: Wedding Party Band | Melbournes Best
Wedding Band • Snippet: No backing tracks
- real musicians & the perfect atmosphere for
your wedding.

• You want to transfer money to your
mother’s account, but the issue is that
your mother is living in India. Find
ways to transfer money online to an-
other account overseas. (send money to
india)

• Title: Get 30 Paise Better Rate on | Money
Transfer to India Safely | icicibank.com • Snip-
pet: With ICICI BankMoney2India. Send 10000
AUD in one Go. Completely online. Use Promo
Code EASYN20. Official Website. Secure Trans-
fer. Safe & Fast. Services: Phone Bill Pay...

• Title: Heading Overseas? | NAB Smart Travel
Tools • Snippet: Learn About How Our Smart
Travel Tools Can Make Your Overseas Travel
Easier.Overseas Card Protection. Order Tem-
porary Card. Made For Travel. What To Do If
Stolen Card. Block and Unblock

• You have a MacBook and you want
to install Microsoft office 2016 for the
device. Check the price of a copy. (Mi-
crosoft Office 2016 for MAC)

• Title: 2016 microsoft office for mac on eBay |
Fantastic prices on Top Items • Snippet: Free
Shipping on eBay. Buy It Now Available. Fea-
tured Collections. Buyer Protection Program.
Free Shipping Available. Huge Selection.

• Title: How to activate your Office 2016 li-
cense - unlicense.shop • Snippet: Get the best
experience here. 24/7-Support. Online Chat-
Support. Secure Payment Methods.

campus. We excluded three sessions due to low eye–gaze tracker
calibration accuracy, leaving us with 24 subjects aged 23–39 (mean:
29.4, standard deviation (SD): 4.0). Using 7-point Likert-scale ques-
tions (1: completely unfamiliar, 7: familiar), subjects were asked
how familiar they were with using search engines and mobile de-
vices. The subjects marked high scores for both questions (mean:
5.42, SD: 1.44 and mean: 5.67, SD: 1.25, respectively). That is, most
subjects considered themselves familiar with search engines and
good at using mobile devices.

2.2 Tasks
All tasks were informational, in which the subjects were required
to find a particular piece of information [3, 22]. Considering the
results from previous studies–revealing no significant difference in
subject attention on ads according to task type [4, 21]–we excluded
navigational tasks, which are easier to complete [9, 22]. Each par-
ticipant completed eight tasks (see Table 1 for examples of task
descriptions and given queries).

We focused on the effects of ad quality (RQ1) and position (RQ2).
Each SERP contains ten organic search results with two ads. In-
spired by the selections of ad quality from Buscher et al. [4], we
manually selected good quality ads in response to the given initial
task queries. The bad quality ads were selected from SERPs which
were generated by queries from a subset of terms in the initial
queries. All organic results and ads were extracted from the Google
mobile search engine. As shown in Table 1, a good quality ad in-
cluded relevant information (i.e., the answer) for the task, whereas
a bad quality ad did not contain the answer in the search result.

We varied ad positions, i.e., top and middle. SERPs with ‘top’ ads
consisted of ⟨A1, A2, O1, O2, O3, . . . O10⟩, and the ‘middle’ position
SERPs contained ⟨O1, O2, A1, A2, O3, O4, . . . O10⟩, where “A” and
“O” denote ads and organic results, respectively. That is, in the top
setting, the initial viewport displayed two ads in the top position,
which occupied most of the mobile device’s initial viewport and
required using the scroll function to see the organic results. With
the middle setting, two organic results were displayed at the top.

2.3 Design and procedure
We adopted a within-subject design to investigate search time,
behavior, user attention and satisfaction due to ad quality (2) ×
position (2). Each participant completed two task sets for each ad
quality with each set containing tasks with two top and two middle
ad positions. Tominimize any carry-over effect [13], we randomized
task order within each task set, but the orders for ad quality and
position were counter-balanced, and every task was evenly shown
with different qualities and positions of ads across the subjects.

Once the subjects agreed to the study and gave consent3, they
were given instructions regarding the procedure and tasks. We
showed them two sample tasks with each position and quality until
the subjects were familiar with the experimental set up. We then
calibrated subject gaze recording using a nine-point procedure.
Here, the first task description and query were shown on screen.
After this, the subjects proceeded to the first SERP. Once the subjects
found the relevant information to the task description and wanted
to move to next task, we considered the task to be completed. After
each task, the subjects were asked about their overall satisfaction
using a seven-point Likert scale, i.e., 1: completely dissatisfied, 7:
completely satisfied. The process was repeated to the last task.

At the end of the experiment, the subjects were asked to fill out a
post-experiment questionnaire, which included their demographic
information, their experience, e.g., familiarity with search engines
and using mobile devices, and their preference of ad quality and po-
sition. The subjects spent about 30–40 minutes in our eye-tracking
lab, from reading the consent form to filling out the questionnaire.
At the end of the session, the subjects were compensated with a
$20 voucher for their participation.

2.4 Apparatus
We used an iPhone 8 plus for the experiment, which has a popular
screen size (5.5 inches with a 1080×1920 pixel resolution). To collect
the gaze data, we used a Tobii X2-604. The mobile phone was placed
3The ethics approval number: SEHAPP 52-18
4https://www.tobiipro.com/product-listing/tobii-pro-x2-60/
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Table 2: Search time, behavior, and satisfaction for each position, broken down by their quality.

Good Bad p-value
Top Middle Top Middle Quality Position Interaction

Search time Time to first click [s] 29.39 35.77 48.04 35.52 0.16 0.53 0.94
Fixation duration on SERPs [s] 10.10 10.29 12.85 16.34 *** 0.16 0.21

on ads [s] 2.78 2.78 2.70 3.06 0.93 0.68 0.74
on organic results [s] 7.32 7.51 10.14 13.28 *** 0.08 0.58

Search behavior Scroll rate 0.71 0.79 0.75 0.73 0.56 0.84 0.31
Click rate on ads 0.35 0.17 0.08 0.02 *** * 0.94

User satisfaction 7-point Likert scale 6.35 6.10 5.52 5.90 ** 0.56 *

*Significant at 0.05 level. ** Significant at 0.01 level. *** Significant at 0.001 level.

on a Tobii mobile stand device5 and connected to the eye-tracking
system as a secondary monitor using the Twomon software6. With
this setup, we collected the gaze data directly from themobile device
rather than using a scene video camera, e.g., [6, 7, 20]. This allowed
us to assign Areas Of Interest (AOIs) to each organic result or ad for
fixation data, which is useful in understanding how long subjects
spent time reading in a particular place [8, 15]. This setup differs
from previous work on mobile search behavior with ads, e.g., [6, 7].

3 RESULTS AND DISCUSSION
We obtained data from 192 tasks, which contained 96 tasks for each
good and bad ad quality, and 48 tasks for each position of ads within
each ad quality. We tested the statistical power of our design [5]
with the significant level α = 0.05, and we confirmed that our data
sets would maintain the power, 1 − β ≥ 0.95 for all comparison
in this paper. We focused on the effects of both by ad quality, i.e.,
good or bad, and position, i.e., top or middle.

Several analysis techniques were used in this study. First, we
employed the analysis of variance (ANOVA) for continuous data
such as time to first click and Fixation Duration data with a log-
transformation loд(x + 1) to maintain the normality assumption, if
necessary. Second, a generalized linear mixed model (GLMM) [2]
with a binomial distribution and a logit link function was used for
binary data. Third, we used a linear mixed model (LMM) [27] for
the score data from the 7-point Likert scale. To consider individual
differences, we used a block structure (subject) for ANOVA, and
adopted a GLMM and LMM instead of a generalized linear model
(GLM) and a linearmodel (LM), because the observed random effects
between subjects (σ 2

s ) were greater than standard errors (SEs) in all
variables. All analyses were conducted using the GenStat statistical
package [26].

3.1 Search time and user attention
We first looked at how much time the subjects spent and how much
attention they paid to the initial SERPs. For the search time, we
defined the time to first click as the elapsed time to the first click
on a SERP, because the initial SERPs were evenly shown to the
subjects and users’ paths might diverge after their first click. The
mean of time to first click as shown in Table 2 (min: 29 s and max:

5https://www.tobiipro.com/product-listing/mobile-device-stand/
6http://www.easynlight.com/en/twomonusb/

48 s) may imply that there are some effects caused by both research
variables: ad quality or position. However, neither research variable
had any significant effect on time to first click.

As mentioned earlier, the Fixation duration is a useful indicator
of how long a subject spends obtaining information [4, 9, 15, 17, 20].
In term of the average fixation duration on each SERP, we found
significant effects on the Fixation duration on the SERPs (F(1,165) =
11.45, p < 0.001) due to ad quality. This result indicates that the
subjects spent more time reading in the presence of bad quality ads
(mean: 14.59s, 12.85s and 16.34s for the top andmiddle, respectively)
than good ads (mean: 10.20s, 10.10s and 10.29s for the top and
middle, respectively).

To investigate which element between the ads and organic search
results leads to the result, we assigned two Areas Of Interest (AOIs)
to ads and organic results to compare the subject’s attention. There
was a significant effect on the organic results (F(1,165) = 11.89,
p < 0.001) due to ad quality, whereas no effect was observed on
the Fixation duration of the ads. This implies that the effect on the
average fixation duration on each SERP appears to come from the
difference in the subject attention on organic results (7.41s and
11.7s with good and bad ad qualities, respectively). In other words,
if search engines provide ads on mobile SERPs, users look at the
ads regardless of the ad quality and position, but they spend more
time reading organic search results when bad ads are presented.
Although an additional qualitative study such as survey and inter-
view approaches is required, it seems that our subjects lost their
trust on ads due to the bad quality, so they tried to find an answer
from the organic results with the longer reading time.

The result of Fixation duration on ads was consistent with some
past work concerning ad effects in mobile web search [6, 7], i.e.,
subjects will look at ads if they are provided by mobile search en-
gines. However, our result does not support the survey result from
other previous work [23], i.e., users skip ads on mobile devices. Our
subjects spent some time reading the ads regardless of their quality
and position (2.70–3.06s). This was different from past results with
a desktop [4], i.e., good quality ads received more attention from
users than bad quality ads, the difference seems to be caused by the
smaller screen size on a mobile device, which requires using the
scroll function.
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3.2 Search behavior
We describe the results of two metrics: scroll and click. First, the
different conditions had no significant effect on the scroll rate.
Unlike the results from previous studies regarding mobile web
search with no ads [15, 17], which suggested scroll rates of less
than 50%, our subjects with ads recorded relatively higher chances
of using the scroll function than past results: about 71–79% as can
be seen in Table 2. This suggests that ads on mobile web search
tend to increase the scroll rate, although we need to observe the
frequency and depth of scrolling to look into the effect in detail.

Second, the chance of clicking on ads exhibited a significant
difference due to ad quality and position (σ 2

s = 1.326, X 2 = 17.99,
df = 1, p < 0.001, and X 2 = 3.90, df = 1, p < 0.05, respectively). As
can be seen in Figure 1, subjects who saw good quality ads tended
to click on them more (mean: 26% and 5% for good and bad ad
qualities, respectively). Across both ad qualities, the chances of
clicks were higher (mean: 22%) when the ads were located in top
ranks compared to middle ranks (mean: 9%). This may indicate that
the ad quality was not only important, but the top ranks of ads were
also attractive in receiving clicks. In addition, the lower chance of
clicking on bad quality ads appears to result in a longer fixation
duration on organic results with such ads. We leave a correlation
analysis for the further analysis.
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Figure 1: Chance of clicking ads for each position, broken
down by their quality.

3.3 User preference and post-experiment
questionnaire

We measured the overall user satisfaction after each task. Table 2
shows that an interaction between ad quality and position had
significant effects on user satisfaction (σ 2

s = 0.295, X 2 = 10.14, df
= 1, p < 0.01, and X 2 = 4.02, df = 1, p < 0.05, respectively). Our
subjects preferred SERPs with good quality ads over bad quality
ads. However, according to a post-hoc test using standard errors of
difference (SEDs) for the investigation of the interaction between
two variables, subjects expressed different patterns of satisfaction
when the bad quality ads were in the middle positions. As can be
seen in Figure 2, when bad quality ads were located in top ranks,
the subjects expressed lower satisfaction (5.52) compared to the
satisfaction with good quality ads (6.23). However, when the bad

ads were in the middle condition, the subjects recorded similar
scores (5.90) to the satisfaction recorded with good quality ads.

At the end of the experiment, we asked subjects about their
preferences for ad quality and position. Sixteen of the twenty four
subjects replied that they preferred the SERPs with good quality
ads, the remaining eight answered that the ad quality did not matter
for their search. This may suggest that some subjects considered
that good quality ads were helpful for their search. Regarding the
ad position, half of the subjects replied that the ad position did not
matter in mobile web search, whereas nine of the subjects preferred
the top rank ads.
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Figure 2: User satisfaction (7-point Likert scale) for each po-
sition, broken down by their quality.

3.4 Limitations
Although we carefully designed the user study, there are limita-
tions. The subjects used were university students. Consequently,
we acknowledge that these results may not represent the search
behavior of the general public, and the result may vary according to
the screen size of mobile devices [17] and different subject groups.

4 CONCLUSIONS
We explored how users interacted with ads in mobile web search.
We investigated the effects of ad quality (good or bad) and position
(top ormiddle) in SERPs. For RQ1–ad quality–the subjects presented
with bad quality ads tended to pay more attention to the organic
results and the overall SERP. They were less likely to click ads and
expressed lower user satisfaction. For RQ2–ad position–subjects
clicked more on ads found in top ranks compared to ads in middle
ranks. Subjects expressed the least satisfaction when top ranked
ads were bad quality.

As a preliminary analysis, this paper provides basic information
on the effects of ad quality and position on mobile web search. We
plan to conduct further analyses to investigate the relations among
the measurements, e.g., between the chance of clicking on ads and
user attention and between the user satisfaction and user attention,
and also to explore the effects of the scanpath [15, 17, 22] on the
user’s attention, and search strategy [1, 8, 19].
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