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Device-dependent click-through rate estimation in Google organic search results based

on clicks and impressions data
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10 Abstract

Purpose

15 The landscape of search engine usage has evolved since the last known data was used to

17 calculate click through rate (CTR) values. The objective was to provide a replicable method
for accessing data from the Google search engine using programmatic access and calculating
2 CTR values from the retrieved data to show how the CTRs have changed since the last studies
24 were published.

26 Design/methodology/approach

In this study, we present the estimated CTR values in organic search results based on actual
31 clicks and impressions data, and establish a protocol for collecting this data using Google

33 programmatic access. For this study, we collected data on 416,386 clicks, 31,648,226
impressions, and 8,861,416 daily queries.

38 Findings

40 Our results show that CTRs have decreased from previously reported values in both academic
research and industry benchmarks. Our estimates indicate that the top-ranked result in

45 Google's organic search results features a CTR of 9.28%, followed by 5.82% and 3.11% for
47 positions two and three, respectively. We also demonstrate that CTRs vary across various

49 types of devices. On desktop devices, the CTR decreases steadily with each lower ranking
position. On smartphones, the CTR starts high but decreases rapidly, with an unprecedented
54 increase from position 13 onwards. Tablets have the lowest and most variable CTR values.

56 Practical implications
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The theoretical implications include the generation of a current dataset on search engine
results and user behavior, made available to the research community, creation of a unique
methodology for generating new datasets, and presenting the updated information on CTR
trends. The managerial implications include the establishment of the need for businesses to
focus on optimizing other forms of Google search results in addition to organic text results,
and the possibility of application of this study's methodology to determine CTRs for their own
websites.

Originality/value

This study provides a novel method to access real CTR data and estimates current CTRs for
top organic Google search results, categorized by device.

Keywords: clicks; click-through rate; desktops; organic search results; clicks; smartphones;

tablets
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Device-dependent click-through rate estimation in Google organic search results based
on clicks and impressions data
Introduction
Web search engines have been well-known systems used on the internet since their
inception (Haider and Sundin, 2019). The first web search engines were established in 1990

(Mager, 2012). Since then, the Google search engine has become synonymous with searching

and is used billions of times a day by billions of users'. Acecordingto-Statista;in-February

Yahoolwith-a-share-of 1.21%"-Search engines are embedded services in almost every web

browser and serve as navigational tools for people using various devices connected to the
internet, such as desktop computers, smartphones, and tablets (Levene, 2010). Search engines
allow for searching of different types of content (Halavais, 2017). In the beginning of their
creation, they were typically text search engines (Brin and Page, 2012), but later on, they
were extended to cover other forms of content that can be searched, such as images (Jones

and Oyen, 2023), videos (Wildemuth ef al., 2019), news (Karimi ef al., 2018), and books

(Pechenick et al., 2015). Contemporary-search-enotnes-also-chable-theirusers-to-search-for

wormation-thesenmater-ef-af- 204 —eurrency-rates-and-meore-Scarch engines crawl the

internet, download data, store it in data centers, create indexes for this data, and present the
results using a search engine interface.

Search engines typically present a list of results for a query provided by a user
(Lewandowski, 2023). There are various types of search results appearing on the search
engine results page such as sponsored search results, map results, products, news, videos,
images, direct answers, organic text results and others (Miklosik ef al., 2019). The structure of

the search engine results page is changing to best match the type of search query
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(Zhitomirsky-Geffet et al., 2016). The-wel-known-and-commeon-structure-of organic-seareh

When a user submits a query on a web search engine, whether using a manual

keyboard, smartphone keypad, or their voice, they are presented with a list of results (Sachse,
2019). If the user clicks on one of the results, the search engine records this action and takes
note of the click for that search result. If the user only browses the results list without clicking
on any of them, the search engine only records the impression of the search results list
(Taghavi et al., 2012). An impression is one display of a particular set of results presented on
the search engine results page. Data about clicks and impressions are stored internally by
search engines (Balakrishnan ef al., 2016). Since search engines, especially Google, are used

billions of times a day, the amount of data is very large.
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By having all the data about the number of clicks and impressions, a search engine can
determine the actual click-through rate for using the search engine interface. The click-
through rate is the number of clicks divided by the number of impressions, expressed as a
percentage (Jerath et al., 2014). The click-through rate (CTR) can be calculated generally for
all the number of clicks and impressions, but it is more useful to calculate it for different
segments of search services. The CTR can be calculated for organic search results, which are
crawled over the internet and presented based on the search engine index. The CTR can also
be calculated for sponsored search results, which are created by advertisers and presented in
the sponsored area of the search engine results page (Agarwal et al., 2015). Additionally,
CTR can be separately calculated for every search service, such as news, images, videos, and
others.

CTRs represent-show the level of interest in the presented results. It is expected that
results placed at the top of the search engine results page will receive more clicks (Baye et al.,
2016). This assumption comes from the fact that the search engine algorithm, which is
responsible for choosing and ordering the best results for a particular query, will place the
most suitable results at the top (Brin and Page, 2012; Luh et al., 2016). Over the years, people
using search engines have become accustomed to checking only the first page of search
results, rarely going to the second or later pages (Chitika Insights, 2013). Estimating
Calculating the CTR is valuable as knowing what CTR is associated with each position from
one to 10 on the first page of search results makes it possible to predict the amount of traffic
that a website will receive (Glick ef al., 2014).

For the first two decades of using search engines, users primarily used desktop
computers to submit queries and check results. In the last decade, the landscape of internet-
connected devices has changed, resulting in more people using mobile devices, such as

smartphones (Danovitch, 2019) or tablets (Jayroe and Wolfram, 2012) to search the internet.
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Tablets have smaller screens than desktop devices, they are portable like smartphones
devices, but have larger screens than typical smartphones. Users’ behavior when using these
three types of devices varies, and the CTR for search engine results can also vary accordingly
(Song et al., 2013).

Little is known about the current CTRs for Google search results. The most recent data
available for analysis is from 2006 when Pass et al. (2006) published a data log from the AOL
search engine. However, the CTR values estimated in that paper are no longer valid due to
significant changes in the search results landscape, such as the integration of different search
services and the use of various devices. There are some industry benchmarks published, e.g.
by Statista who estimated that in 2020 the organic CTR was 33.59%. However, such data
lacks detail, the collection methodology cannot be used by researchers nor is the data
available for further studies.

Our study contributes to the current knowledge about CTRs in organic search results
in three ways. Firstly, we developed a method for accessing real data on clicks and
impressions available through Google's programmatic access. This allowed us to collect data
for a specific website domain indexed in Google's search engine. Secondly, we estimated the
current CTRs for the top 20 results on Google's search engine results page using data
collected from 416,386 clicks, 31,648,226 impressions, and 8,861,416 daily queries over a
period of 12 months in 2022. Thirdly, since search behavior differs across devices, we
estimated the CTRs separately for desktops, smartphones, and tablets.

This study is organized as follows. The introduction section offers details on whatis
found-en-search-engineresults-pages;-how data on clicks and impressions are gathered, why
they matter, and which devices are used for searching and browsing the search engine results
pages. The literature review section covers twe-types-of-studies :-these-that use real log data

from search engines and those that prediet-simulate the click-through rate. The method section
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explains how the data about clicks and impressions was accessed, used, and how the CTR was
estimated. The next section presents the results of the CTR estimation in Google search
engine, segmented by device type and period type, followed by a discussion section in which
our results are compared with those of other studies. The novelty and contribution of the study
is emphasized in this section. The conclusions section states the limitations of the study and
provides directions for future research.
Literature review

Recent literature on estimating CTRs in organic search results focuses on three main
areas: (1) using real log data from search engines to calculate CTR, (2) estimating CTR based
on simulation or eye tracking studies, and (3) estimating CTR by utilizing industry
benchmarks.

Reallog-data

The-firstgroup-ofSome studies use real log data from search engines to calculate the
factual CTR. CFR-m-organte scarch-resulis-refers-to-the-percentave-ofusers-who-chek-on-a
partictlar-website-Hak-after-condueting-a-search-on-a-search-engine-Using historical data

allows to determine the average CTR for a particular query or a domain name. To make valid
conclusions about the CTR, the available data needs to contain the information about the

clicks for all search queries. However,in-several- There are papers where data logs from

search engine were released, but the information about clicks was missing.-Fhese-are-tog
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stady-did-notinclade-any-speeifie-statistiesregarding CTR-Agichten ef al. (2006) developed

a model for forecasting the click-through rate in organic search results. The researchers
randomly selected 3,500 queries from query logs and gathered click data from over 120,000
searches conducted over a three-week span. However, the initial function they proposed for
estimation suggested a 100% chance that the result in the first position would be clicked, and
the tenth result had roughly a 15% chance of being clicked. These values are no longer
attainable at present. Zhang and Moffat (2007) utilized a dataset from MSN consisting of
approximately 15 million queries, along with the corresponding number of clicks for each
position. However, their chart only displayed relative values for the number of clicks and did
not include specific CTR values. The same dataset form MSN seems to be used by Bendersky
and Croft (2009) for analysis of long queries.

Pass et al. (2006) published a real-world data log from AOL (the search engine used
was Google). Although the dataset has been removed after 3 days due to privacy issues (it
was possible to connect search queries with real people), it was used in several later studies
for analyzing queries and CTRs. The dataset published by Pass et al. (2006) showed that the
first search result attracted 42.3% of all clicks. The second result accounted only for 11.92%
of the total number of clicks, the result in the third position achieved 8.44% of all clicks.
Later, other studies have used the same dataset. Chen ef al. (2008) used it to detect events

from search engine click data, whereas Wang et at. (2012) used it to explore queries and
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clicks in healthcare and information security. Schaefer and Sapi (2023) analyzed archival data

from Yahoo!, released in 2010, and calculated CTR values that were quite similar to those

published by Pass et al. (2006). However, the Yahoo! search engine no longer exists as it was

acquired by Microsoft and merged into Bing.

Joachims et al. (2017) estimated-simulated that the first result received over 40% of the

clicks, CTR of second result was around 17%, and the third results had CTR about 11%.

However, such studies were conducted in controlled environments and may not accurately

represent real-world click-through rates. Strzeleeki-(2020)-and-Lewandewski-and-Kammerer

these-two-deviee-types—Park and Cho (2021) ealeulated-simulated a total CTR of 16.07% on

desktop and 20.90% on mobile for a Korean shopping search engine. However, the study
lacks information regarding the distribution of CTR for each position and does not provide a

dataset for replication.

Some organizations publish industry benchmarks for CTR in organic search results. These
benchmarks can provide a rough estimate of what a typical CTR might be for a particular

keyword or search query.
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9% )-(iProspeet; 2008)-Chitika Insights (2013) has analyzed tens of millions of online ad

impressions resulting from a user being referred to a web page from Google search. From the
search engine referring URL, Chitika was able to extract the position that the page was on
within the prior search results page. From this, Chitika was able to measure what percentage
of Google traffic comes from each position of the search results page. The first position in the
search results has been found to have the click-through rate of 32.5%, whereas the second
position has the click-through rate of only 17.6%. The common result from the past studies is
that estimating CTR in organic search results depends on many factors, including the position
of the results on the search engine results page, the relevance of the website to the search
query, the query popularity (Jerath et al., 2014), and user experience (Dupret and Liao, 2010).
Maillé et al. (2022) employed CTR for detecting and mitigating bias. However, they
utilized industry benchmarks from 2017 that are no longer accessible for verification. They
reported that the CTR for the first position was 36.4%, for the second position was 12.5%,
and for the third position was 9.5%. Nagpal & Petersen (2021) referenced an industry
benchmark that suggests the first three links on a search engine results page receive
approximately 60% of all clicks, while the first page receives about 90% of clicks. However,
they did not conduct their own evaluation. Di Caprio et al. (2022) designed a model to study
the behavior of satisficing and impatient users in online search environments, and simulated

CTRs for one million searches. The simulation revealed that patient users have similar CTRs
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to another industry benchmark where the first position has 21.7%, the second has 24.7%, and

the third has 18.7%.

The literature review reveals that the dataset published by Pass et al. (2006) is the

most recent real log data available to researchers for calculating CTR. Since then, no newer
datasets have been made available to calculate CTR for organic search engine results pages.
To fill this gap, the objective of the research presented in this paper was to provide a
replicable method for accessing data from the Google search engine using programmatic
access and calculating CTR from the retrieved data to show how the CTRs have changed
since the last studies were published.
Method

The data used in this study was obtained from the Google search analytics service,
which can be accessed through the Google Search Console (GSC) web service or the GSC
application programming interface (API) (Google, 2023). GSC is a free service that enables
authorized users to monitor the performance of verified websites in Google search. The
service is available through APIs, which provide programmatic access to this data. The GSC

web interface enables observation and downloading of four metrics (clicks, impressions,
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CTR, and position) along with one dimension, which can be the query, page, country, device,
or date. However, this web interface has a limitation of downloading only 1000 rows of data.
In contrast, the GSC API allows for the retrieval of all four metrics and all five dimensions,
with a current limit of 1,000,000 rows per download.

Data selection for this study is based on a verified domain available in the Geegle
Search-Consele(GSC). Only with administrative access to the domain name is it possible to
verify its ownership or management rights. The domain can be verified through several
methods, such as uploading a specific file to a host server, pasting a verification line of code
into the domain source code, or adding a verification text record into the domain name system
zone. Once the domain is verified, GSC begins to collect data from search results on a daily
basis, labeled according to local time in California. For this study, the authors obtained
authorized access to the GSC API to retrieve search data about a domain in a one-year period
from January 2022 to December 2022.

Dataset

We utilized the Clusteric Search Auditor software, which includes a connector for the
GSC API and a protocol previously established by Strzelecki (2019), to retrieve and collect
data. GSC API authorized access was used to retrieve search data for a specific domain in
monthly batches. The software permits the data to be saved in a CSV or XLSX format, and
we opted for the latter. Our dataset comprises 416,386 clicks, 31,648,226 impressions, and
8,861,416 daily queries, which are broken down by daily queries. Each daily query includes
search engine-reported data on the device type used, impressions, clicks, average CTR, and
average ranking position for the query on a specific date. The data is structured and easily
interpretable, with numerical data for position, CTR, clicks, and impressions and textual data
for device and query, as well as dates in date format. There are no missing data, outliers, or

other issues that may affect the validity or accuracy of the results. The data does not include
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1

2

2 any sensitive information, as personal or sensitive queries are not tracked (Erola and Castella-
Z Roca, 2014). The dataset comprises 12 files, one for each month, and includes the following
573 data: date, device type, query, number of impressions, number of clicks, CTR for this query
?(1) on this day, and average position on the search engine results page. The authors have made
:g this dataset openly available on Zenodo (https://doi.org/10.5281/zenodo.7687893). All files
1: are compressed to one archive and the size of the archive is 314.3MB. The collected dataset
iz includes the following statistics presented in Table 1.

;g Table I

;; Statistics of the dataset

3431 Period Clicks Impressions Daily-queries Unique queries
25

;? 2022-01 50 428 3158 994 830 151 88 974

i 2022-02 39739 2652 369 748 705 88910

2(1) 2022-03 44 492 3 044 945 826 904 92 948

g% 2022-04 39 449 2 847 345 795 931 91199

i 2022-05 39022 2 935 569 826 670 88 105

2373 2022-06 29 636 2280431 683 438 72 226

E? 2022-07 31764 2515581 691 559 70 979

o 2022-08 26 685 2384 455 709 028 75 424

22 2022-09 26 195 2276715 694 573 73 744

%Z 2022-10 32 081 2496 917 723 712 73 463

‘s‘g 2022-11 31511 2713319 727 946 76 256

. 2022-12 25384 2341 586 602 799 72783

;31 Total: 416 386 31648 226 8 861416

s

57

gg Data processing


https://doi.org/10.5281/zenodo.7687893
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For each set of daily queries, there are several associated features, such as the number
of clicks, impressions, average position in search results, and CTR for that set. To analyze the
data, we created a pivot table for each time period with the following settings: rows for
position, columns for the sum of clicks, sum of impressions, average CTR, and filtering for
device. Using the pivot table, we obtained the total number of clicks and impressions for each
corresponding position. Since the average position was recorded with two decimal places, we
grouped the rows accordingly, so that positions 1.0 to 1.5 were grouped into position 1,
positions 1.51 to 2.5 were grouped into position 2, and so on up to position 100. For each
position, we calculated the corresponding sum of clicks and impressions. By dividing clicks
by impressions, we obtained the CTR for each position. By filtering the results by device, we
were able to compare CTRs for different device types, including desktop, smartphone, and
tablet.

Results

The following results are presented in the bar plots, which were created in R studio
(version 4.2.2). Figure 1 displays the overall CTR scores for each period and all devices. The
CTR value is on the Y-axis and the position on the search engine results page is on the X-
axis. CTR for the results on the first position is in the range of 6.61% to 11.26%. On the
second position, CTR ranges between 4.17% to 8.51%, and on the third position, CTR is
between 2.33% and 4.01%. The ranking positions of seven and below have a CTR lower than
1%.

Figure 1

Click-through rate on all device in Google search engine for positions 1 to 10
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Click-Through Rate on All Devices
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31 The findings diverge when the data is divided by devices. Figure 2 showcases the CTR
values only for search engine results pages viewed on desktop devices. The CTR for results

36 on the first position ranges from 4.78% to 9.72%, while for the second position, it varies

38 between 2.48% to 4.65%, and for the third position, it ranges from 2.04% to 3.30%. All CTR
results for position seven and lower are slightly higher than the overall result for all devices.
43 Figure 2

45 Click-through rate on desktop devices in Google search engine for positions 1 to 10
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Click-Through Rate on Desktop Devices
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The bar plot in Figure 3 illustrates the CTR scores only for search engine results pages
viewed on smartphones. The CTR for results on the first position ranges from 7.20% to
11.68%, on the second position CTR ranges between 4.44% to 9.52%, and on the third
position, CTR is between 2.37% and 4.25%. The results indicate that CTR scores for
positions one to four receive higher CTR on smartphones compared to desktop devices.
Position number five has almost identical CTR scores on desktop and smartphones, whereas
desktop devices have higher CTR scores for positions six to ten.

Figure 3

Click-through rate on smartphones in Google search engine for positions 1 to 10
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Click-Through Rate on Smartphone Devices
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31 In Figure 4, the CTR scores for search engine results pages viewed on tablet devices
are displayed. The CTR for results on the first position ranges from 2.43% to 10.61%, on the
36 second position between 1.92% to 6.79%, and CTR for the results in the third position is

38 between 1.12% and 3.79%. It is observed that the CTR scores on tablet devices vary more
compared to the results on other devices. Over some periods, tablets achieve higher CTR

43 scores than desktop devices, while during other periods, CTRs are lower.

45 Figure 4

47 Click-through rate on tablets in Google search engine for positions 1 to 10
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Click-Through Rate on Tablet Devices
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Based on the collected data, there is evidence that the CTR scores are slightly lower
for the latter part of the study period. However, this decrease is observed at different periods
for different devices. Additionally, an unexpected trend was observed for smartphones with
respect to ranking positions 11 to 20. In contrast to desktop devices where CTR scores
decrease with lower positions in ranking results, the trend on smartphones is opposite. Figure
5 illustrates that the CTR score for positions 11 to 20 in each study period is lower than 1%,
and there is a decreasing trend. Conversely, on smartphones for ranking positions 11 to 20
(Figure 6), the CTR score starting at position 11 increases, reaching its highest score around
positions 15 and 16.

Figure 5

Click-through rate on desktop devices in Google search engine for positions 11 to 20
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Click-through rate on smartphones in Google search engine for positions 11 to 20
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Click-Through Rate on Smartphone Devices
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To verify the observed increase in the CTR on the second page of search results and to
determine whether it is an anomaly or a consistent trend, we compared the CTRs for
smartphones with data generated for a second website domain. This second domain is similar
to the original one in terms of the size of organic Google traffic. On smartphones, the second
domain received approximately 902 thousand clicks and had 63.5 million impressions over a
12-month period. We were able to confirm the increase in CTR on the second page of search
results specifically for smartphone devices. The results are presented in Figure 7. This
comparison data is not included in the generated dataset made available for researchers and
was only generated to validate the detected anemaly/trend.

Figure 7

Click-through rate on smartphones in Google search engine for positions 11 to 20 — second

domain name
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The final results are presented in Figure 8, which includes four charts representing the
average CTR scores for all devices, and for desktops, smartphones, and tablets separately.
Based on these charts, the final overall CTR metrics for each of the first twenty ranking
positions can be determined. The CTR for the first position is 9.28%, for the second position
5.82%, and for the third position the CTR is 3.11%. For desktop devices, the CTR decreases
with each subsequent ranking position. For smartphone devices, the situation is similar up to
position 11, after which the CTR increases; at first slightly and then more notably for position
14 onwards. For tablets, again, there are some increases in CTR from position 13 onwards,
with some irregularities in the pattern.

Figure 8
Click-through rate — overall scores for all devices, desktops, smartphones and tables in

Google search engine for positions 11 to 20
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Discussion

The created methodology was deployed to get a current dataset for a particular website
that would include impressions and clicks, along with other relevant data such as date, device
type, query, CTR for this query on this day, and average position on the search engine results
page. The process of extracting the data has been described in detail in the Methodology
section of this paper. Thanks to this, other academics and practitioners can now create their
own precise datasets usable for further analysis of CTR trends and other phenomena. By
creating and presenting the methodology, the authors have fulfilled the first main contribution
of this research.

The results presented in this paper and the unique methodology developed for the
purpose of this research have helped the authors to meet the set objectives of this study. The
second contribution of this paper was to offer insights into the current click-through rates in

organic Google search. These are long overdue as the previous complete dataset that was used
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to investigate a similar paradigm dates back to 2006 (Pass et al., 2006). The determined CTRs
calculated from the data presented in this paper are very different to those from 2006. For the
first position, the average CTRs have dropped from 42.3% to current 9.28%. For the second
position, CTRs also decreased, although the difference is lower compared to position number
one — the CTR went down from 11.92% in 2006 to 5.82%. For search results on the third
position, the CTR decreased from 8.44% in 2006 to current 3.11%.

The data shows that the biggest absolute difference lies in the CTR for the first
position. 17 years ago, more than 4 out of 10 people clicked on the first organic text result.
Currently, this is below 1 in 10 people — the CTRs for the first organic text results are less
than one fourth of the value back in 2006. We can argue that the fact that other types of
content and search results often take prime position on the search engine results page, such as
sponsored search results, images (Jones and Oyen, 2023), videos (Wildemuth et al., 2019),
news (Karimi et al., 2018), map results etc., is one of the main factors causing this shift. Our
results can also be compared against the industry benchmark published by Statistalii, who
claim that the CTR for organic search is 33.59%. However, it is unclear how many ranking
positions were considered in the calculation or what the individual CTRs for each position
are. Such data is also biased as only clicks and impressions of selected users are included in
the data.

Our findings also reveal the differences in CTRs between desktop computers, tablets
and smartphones, which is the third contribution of this paper. The highest CTR for the first
position is on smartphones, followed by desktop and tablets. On average, the CTRs are
decreasing with the increasing ranking position: the better ranking (lower position), the higher
CTR. However, on smartphones, a paradox has been detected where CTRs for positions 14 —
20 are much higher than those for positions 11 — 13. This is well illustrated on data presented

in Figure 6. We have also confirmed the observed paradox on data from another website
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domain, with similar Google organic traffic than the original domain (Figure 7). The reason

behind this behavior could lie in the infinite scroll of search results on mobile devices,

however, this assumption needs to be confirmed by further research. Another possible

explanation for this anomaly might be found in recent research presented in two independent

papers. Gleason et al. (2023) examined 12 components on the search engine results page

(SERP) that either amplify or attenuate CTR in Google search results. Similarly. Fubel et al.

(2023)_discovered that SERP features significantly influence CTR. The presence of various

SERP components alongside regular organic results increases the likelihood of affecting the

CTR. This could be further investigated, for example, by checking whether fewer SERP

features on the second page of results cause this anomaly. Our data also confirmed that

smartphone usage is larger than desktop usage. In a previous study, it was confirmed that
mobile usage is higher than desktop usage. Specifically, there were more mobile sessions than
desktop sessions and the number of mobile queries was more than double that of desktop
queries (Park and Cho, 2021).

Theoretical implications

The theoretical implications of this work are threefold. Firstly, the provided dataset
that has been made publicly available fills the gap of researchers not having exact data to
analyze and draw conclusions on various aspects of organic search engine results including
the CTR. The last available dataset was from 2006 (Pass ef al., 2006)(Pass-et-al; 2006) and
since, the technology has evolved and there have been substantial changes in the search
engine’s algorithm, the features and results type on the search engine results page, the devices
used to search the Internet, and the behavior of users when using online search. Therefore, the
dataset created for the purpose of this dataset that has been made available on Zenodo

(https://doi.org/10.5281/zenodo.7687893) can be used by researchers to study the current
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landscape of search engine results pages and user behavior in regards to CTRs and other
parameters.

Secondly, the unique methodology created for the purpose of this research and
described in detail makes it possible for researchers to generate new datasets that can be used
for the purpose of determining CTR for various websites in various industries. This creates an
opportunity for the academia to start producing results that will shed more light on the issue
of CTR in different segments and their development in time. Thanks to this replicable
methodology that has been described in detail in this paper, by using Google programmatic
access, researchers will be able to draw fresh search engine-reported data containing the
device type used, impressions, clicks, average CTR, and average ranking position for the
query on a specific date. This makes our study different from previous studies, which did not
provide a complete methodology enabling the generation of datasets for the academic
community.

Thirdly, the provided results from the analyses of data from our dataset has shown
how the CTR for organic text results decreased dramatically, thus updating the old data and
results that the academic community was using from 2006. The average CTRs have dropped
from 42.3% in 2006 to current 9.28% for the first search result. For the second result, CTR
fell from 11.92% in 2006 to current 5.82% and for the third search result, the CTR decreased
from 8.44% in 2006 to current 3.11%. This updates the knowledge base regarding the online
user search behavior.

Managerial implications

There are two main implications of this study for business practice. Firstly, the results
have confirmed that focusing on achieving the number one ranking for relevant keywords in
organic Google text search results is not sufficient nowadays. Organizations working towards

increasing their organic Google search visibility need to recognize that the number of users
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and sessions from organic search would have dropped by 400% over these years even if they
were able to retain their top organic Google ranking. To compensate for this loss and be able
to compete in today’s highly competitive environment where hundreds of websites of various
of organizations and individuals are competing for valuable organic Google traffic, other
forms of Google search results need to be considered and optimized for. These include videos,
images, products, news, maps, direct answers, etc.

Secondly, organizations and their digital marketing agencies can use the methodology
created by the authors and presented in this article to determine the actual CTRs for their own
websites. They can use these as key performance indicators when evaluating the results of
their work on improving organic search visibility, while utilizing the data presented in this
article as benchmarks to compare their results against. Knowing and using the current CTRs
is crucial for marketing managers and has further implications on areas such as search engine
management, online marketing in general, calculating return on investment for various
marketing and sales channels or sales predictions.

Limitations

Conclusions

This work is not without limitations. By deploying the methodology created and
presented in this article, one can only gather unique data for organic text results in Google and
only for those websites, which they have verified in their Google Search Console. From the
perspective of the data analyzed and results made available in this article, the limitation is that
they only related to one particular website for which the dataset has been created. It can be
expected that the CTRs may (and will) differ for other websites from the same industry and
websites from other industries. In_the future work, brand related searches may be filtered out
from this, or similar datasets and the relative number of brand searches will have effect on the

average CTRs, with brand searches attracting more clicks that regular non branded searches.
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There is also is-a limitation that relates to the lower quantity of click data for tablets for
positions 11 and lower, which makes the calculated CTRs for these positions less reliable.
Lastly, there are some searches that are most probably done by automated software (e.g. rank
checkers) that are included in the GSC data, which was already noted in the work of Zhang
and Moffat (2007). We have not attempted to identify and exclude them, which also
represents a limitation of the research presented in this article.

Future work

This original work opens multiple avenues for future research. The ones most relevant
for academia and business practice can be summed up as follows: 1) Apply the methodology
developed and presented in this article to create unique datasets for websites from the same or
other industries, operating in one or more countries, to be able to compare the results in time
and across industries and countries; ii) Study the differences between various types of devices
deeper and explain the detected paradox of rising CTRs for search results on the 14t — 20t
position for searches on smartphones, iii) Develop a methodology that would enable to
determine what the CTRs are for other types of organic Google search results that include
video, images, maps, news, products etc.; iv) Determine whether similar datasets can be
created for other relevant search engines incl. Bing and Yahoo to enable for comparisons of
results between various search engines.

Conclusions

Our study found that CTRs for organic search results in Google have significantly

decreased from previously reported values. The current top-ranked result features a CTR of

9.28%, followed by 5.82% and 3.11% for the second and third positions, respectively. The

research highlighted notable variations in CTR across different devices. Desktop devices

showed a steady decrease in CTR with each lower ranking position. On smartphones, the

CTR starts high but decreases rapidly, with a surprising increase from the 13th position
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onwards. Tablets exhibited the lowest and most variable CTR values. The study's results

indicate a substantial decline in CTRs compared to data from 2006. For instance, the CTR for

the first search result dropped from 42.3% in 2006 to 9.28% in the current study. The findings

suggest a shift in user search behavior, potentially influenced by the prominence of other

types of content (e.g.. sponsored results, images., videos) on SERPs. This shift indicates a

need for businesses to optimize for diverse forms of Google search results. The paper

introduced a novel methodology for accessing real CTR data, allowing researchers and

practitioners to generate datasets for further analysis of CTR trends and user behaviors on

search engines. The research provides insights for businesses and digital marketing agencies,

emphasizing the importance of not solely relying on top organic text results for visibility. It

suggests a broader approach to optimizing various forms of Google search results, including

videos, images, and maps.
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