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Abstract
Click-through data derived from traditional document search
has recently been closely examined with some doubts cast
on its perceived usefulness as a source of absolute relevance
judgements. Conceptually similar, and holding many poten-
tial uses, image search click-through data has not seen such
close examination, despite vastly different properties. Ad-
dressing this we detail and report findings from a user study
involving over 65 participants. Aimed at determining the re-
liability of image search click-through data, factors identi-
fied in previous studies in document search click-through
data are examined and results compared. In addition, addi-
tional factors uniquely present in web based image search
are motivated and examined.

1. Introduction
The by-product of search engine interactions - the records
of what users have clicked as a result of a query - known
as “click through data” is an increasingly popular resource
of implicit feedback. Recently, however, the validity of such
feedback has been questioned [11, 18, 21]. Previously ad-
vocated for use in things such as: learning user models;
query suggestion; improving search; and creating query hi-
erarchies, a number of papers have shown greater consid-
eration needs to be taken when evaluating the validity of
such feedback. However, the research has largely focused on
traditional document web search, for which users are only
presented with short documents excerpts to evaluate the re-
source before clicking - and creating the “implicit feedback”
between the query and resource. In contrast, other search
types vary significantly with respect to what the user is pre-
sented with, and hence what is used to pass judgement and
create this “implicit feedback”. Such variations are impor-
tant as even small differences in such “caption features” can
have significant impacts on user behaviour [7]. Of note is
web-based image search interactions where the user is pre-
sented with a reduced thumbnail of the whole image.

Image search click-through data has also been shown to
have many potential uses in recent works [6, 8, 22, 26],
however, unlike traditional web search interactions there has
been no previous research that has explicitly looked into

its validity as implicit judgements. This work presents a
study resulting in a rich data-set enabling comparison with
what has been discovered for traditional document search
[11, 18, 21]. In addition, motivated by their impact on the
thumbnail and hence “caption”, searches for different types
of images are evaluated. Such an evaluation is motivated by
the impact of small caption features in traditional web search
[7]. While conceptually similar, the results of previous stud-
ies based on web search interactions can not be directly
transfered to image search interactions due to the aforemen-
tioned difference in the summary displayed and used by the
user in the decision to click.

2. Related work
Implicit feedback in the form of click-through data was just
exploited in 1995 with Lieberman [20] using it to help the
proposed system determine relevant links for the user. Since
then it has been proposed to aid a number of problems in-
cluding training data for learning user models [2, 4] and
document retrieval functions [16], for improving search [1,
28], for query suggestion when comparing complex question
style queries [27], clustering related webpages and queries
[5] and more recently in auto-generating query hierarchies
[24]. However, the theoretical foundation of the use of click-
through data as a source of implicit human relevance judge-
ment has recently been questioned. In 2005 Fox et al. [11]
examine click-through behaviour in regard to standard web
search. They found that, used in conjunction with other im-
plicit feedback (such as dwell time), judgements that cor-
related well with explicit judgments could be determined.
Used in isolation, however, such a correlation did not occur,
with users satisfied with the returned document only 39%
of the time after clicking a link. Also in 2005 Joachims et
al. [17] reject the use of click-through data for absolute rele-
vance judgement, instead indicating its usefulness as relative
judgements, i.e. clicked data is more relevant than un-clicked
data. More recently in 2008 Shokouhi et al. [25] found pro-
posed search engine document reordering techniques based
on click-through data do not always lead to improvements in
search quality and may even have a detrimental effect. Also
in 2008 Scholer et al. [21] presented more evidence against
the use of click-through data reporting only a 52% correla-



tion between clicked documents and those the users thought
relevant and a 58% agreement rate between the click-data
and TREC judgements for the collection used in the study.

All of the above mentioned studies were conducted using
click-through data from document web search interactions.
However, click-through data is not solely generated from
such searches, with image search being one such alternative.
Such searches vary from traditional web search in a number
of ways. Typically image search results are a set of thumb-
nails, sometimes with short captions. Such summary infor-
mation is intuitively more complete than the two or three line
summary information displayed for traditional web search
with a number of researchers agreeing with such an intuition.
The primary argument put forward is that thumbnail sum-
maries contain both more information and that the informa-
tion can be absorbed faster, resulting in less poorly informed
clicks than traditional web search [6, 8]. As such, results
based on web document search click-through data should not
be arbitrarily generalized to all forms of click-through data.
Addressing this, the present work details a study focusing
on image search click-through data based on similar studies
into traditional web search click-through data [11, 18, 21].
The focus on image search click-though data is motivated
primarily by two factors: firstly due to its provision in popu-
lar commercial search engines such as Google and hence the
existence of such data; secondly due to recent work in the
research community using such data.

Image search click-through data has been proposed for
a number of uses. In 2005 Truran et al. [26] proposed the
use of click-through data as a way of removing the noise
introduced by polysemy. In 2006 Cheng et al. [6] proposed
the use of click-through data as relevance feedback for a
technique across visual and textual features in image search.
In 2007 [8] Craswell and Szummer looked at a technique
for addressing the sparsity problem within click-through
logs. They succinctly highlight some of the major uses for
click-through data, these being improving search, query sug-
gestion, resource annotation and relevance feedback. None
of the work, however, adequately addresses the underly-
ing question of the implicit judgments’ accuracy, either in
the general case or under the varying conditions associated
with search results and query types. Cheng et al. motivate
their choice of click-through data based on intuition alone
and validate their results using artificially generated click-
through data. Truran et al. neither use real world data, nor
cover many types of queries. Finally, while using signifi-
cant quantities of real world data, Craswell and Szummer
do not focus on measuring the accuracy of such feedback in
general, but rather seek to improve it.

3. Potential factors affecting image
click-through data

The presented study evaluates four factors with the poten-
tial to impact user click behaviour in web image search and

hence impact the accuracy of the associated click-through
data. The first is derived from observations and studies into
document search based click-through data. In document
based search, Joachims et al. [18] highlighted the impact
of the quality of the system on accuracy of click-through
data and while the results from [21] do not seem to support
such an assumption, they do not evaluate true extremes of
precisions of the underlying system. Regardless such a fac-
tor has the potential to affect image click-through data and
as such is included in this study.

The remaining three are motivated by the impact of “cap-
tion features” on click-through data as reported with re-
gard to document search based click-through data [7] and
the vastly different properties image queries can have [10].
Since image search results typically are returned in the form
of a series of thumbnails, “caption features”, as referred to
in traditional document search, can be seen to be qualities
of the image. We acknowledge that in some image search
systems results are returned accompanied with text snippets,
however, this is not always the case. In this instance we
choose to examine the systems without text. The four qual-
ities of the image that we highlight as potential influencing
factors have been motivated by research in both image and
image query classification [3, 9, 13, 14, 15, 19, 23].

The first quality selected as a factor is based on catego-
rization proposed initially by [23] and reiterated and refined
more recently in [3, 14]. According to this, three categories
are identified, general, specific and abstract. In defining the
generic category we adopt the definition as stated by [14]
with queries falling into this category which require only
“general everyday knowledge” to recognize the objects or
scenes. In contrast, queries falling into the specific category
refer to things that can be identified and named [14]. As
such they require a greater level of knowledge (even though
this knowledge might be common knowledge). An exam-
ple includes the query person at the generic level and then
Kirsten Dunst at the specific level. When a user searches
they may or may not have this knowledge and this forms an-
other potential factor affecting image search behaviour and
hence click-through data. As such we evaluate the two ex-
treme cases, where the user has the knowledge (known) and
when the user does not (unknown). We investigate this due
to the potential difference in search behaviour, and hence
click-through data, that may occur as a user uses the search
as a way or learning as well as acquiring images. Such use of
an image search engine has not been previously investigated,
and hence can not be discounted as atypical use. These facets
do not apply to the category of generic of as by definition it
only requires “general everyday knowledge” [14]. The third
category, “About”, as proposed originally by [23] is not eval-
uated due to its interpretative and subjective nature, which
prevents accurate ground truthing. Rather, the scenarios de-
scribed by researches in image categorization are described
to a level of detail which then fit into one of the former two



categories. The motivation behind this is two-fold. Firstly,
as mentioned, objective evaluation is not possible due to the
subjective nature. Secondly interpretation and subjectivity
can be seen to simply lead a lower/variable mean average
precision of the search engine that returns a singular and un-
informed interpretation of the users intention which is am-
plified in the case of subjectivity. For example happiness,
once the subjectivity is removed by a concrete description of
imagery, such as “any image containing a person smiling”
can then be seen to be part of the Generic Action category.

The third factor is drawn from a further break down of the
above categories as proposed by [9, 14] who make a distinc-
tion between objects and actions and scenes. These subcate-
gories are investigated as they change the visual pattern that
a user is looking for when searching.

A final factor that, while present in the literature, we do
not investigate is the distinction between visual (such as
colour and texture attributes) and conceptual descriptions of
images. The reason for this is the lack of prevalence as a
category of actual image search queries with [15] reporting
that less than 2% of web based images fall into this category.

4. Experimental Design
Web document search click-through data has been evaluated
from a number of angles using a variety of approaches. [11]
developed a plugin in order to record several types of user
behaviour, explicitly requesting user feedback about each se-
lected result in two real world search engines. Based on the
explicit judgements they were able to calculate the overall
accuracy of their click-though data as 39%. Potential reasons
for accuracy levels of click-through data, however, were not
investigated. In contrast [18] specifically examine the relia-
bility of the implicit feedback given, determining that click-
through data is affected by both the quality of the search
engine and the trust the user has in the system. Their system
was also backed by a commercial search engine for which
they used a proxy server to manipulate results. Differing
from that of Fox et al. they attempt to both control factors
they considered to influence search behaviour, and hence
user clicks, and also use a laboratory setting. More recently
[21] investigated click-through data in a more controlled
fashion, generating and manipulating the results based on
ground truths derived from the TREC WT10g collection.
Such control was used to ensure levels of system perfor-
mance in order to investigate how click behaviour varies as
the quality of the underlying search system changes.

As a primary goal is to examine the impact of the qual-
ity of the system on click-through accuracy under differing
levels of system accuracy we explicitly fix the precision lev-
els. In a similar fashion to [21] this is achieved by creating
a controlled retrieval system using images given a ground
truth in advance, ensuring such variance. While reversing
result orderings to vary the system precision (as performed
by [18]) is a simpler approach and allows real world search

results to be used, the two-dimensional ordering of image
search results coupled with the lack of previous research in-
dicating a degradation of performance with such an approach
(as was available and cited by [18] with regard to document
based search) makes the validity of such an approach open
to debate. Where possible images with ground truths from
the IAPR TC-12 Benchmark dataset [12] were used. Addi-
tional images were selected and given ground truths in the
same manor as was originally employed for generating the
dataset. The complete dataset used in the study consisted of
2880 images (1440 relevant and 1440 irrelevant) enabling 8
pages per topic/AP combination to be displayed to the sub-
jects.

The additional factors identified as potential influencing
factors (see section 3) were then encapsulated in six cat-
egories (shown in table 1) and evaluated under two fixed
levels of system accuracies. These fixed levels of accuracy
(precision levels) were set at extremes of 16.6% and 83.3%
which represents 2 out of 12 and 10 out of 12 correct images
per page respectively.

For each category 3 topics were selected. Topics were Im-
ageCLEF style topics consisting of both a title and a narra-
tive. Generic category topics were selected from the Image-
CLEF topics by first categorizing all topics with more than
100 available ground truths and then randomly selecting a
topic for each group for which one or more topics were iden-
tified. Specific category topics were developed to maximize
the known/unknown response in the pre-topic questionnaire,
taking into account typical query types as reported by [15].
The selected topics are shown in table 1. For each topic each
participant was presented with a pre-topic questionnaire to
establish their familiarity with the topic in order to enable
proper processing of the known/unknown facets being ex-
amined.

5. Discussion and comparison with recent
web search findings

The study ran for approximately one week as a 1 hour volun-
tary online study which was advertised primarily to univer-
sity students and researchers. As an incentive a prize draw
was conducted with an entry given to participants who com-
pleted the study. The study was able to be stopped at any
time and, if desired, resumed later. 116 people participated,
of whom 67 completed the entire study. As in [21] a pre-
experiment question was administered aimed at establish-
ing the participants familiarity with online image searching.
Most participants considered themselves to have average ex-
perience at using image search engines, with a mean rating
of 3.5 on a scale of 1 (no experience) to 5 (a large amount of
experience). The mean rating for performing image searches
was only 2.9 times per week. Participants reported a mean
enjoyment rating of 3.4 also on a 1 (dislike) to 5 (high en-
joyment) scale. Such results differ somewhat from those re-
ported by the participants in [21] with regard to traditional



Category Topics
Generic Scene group in front of mountain landscape

tennis player on tennis court
winter landscape

Generic straight road
Object/Action bird flying

photos of dark-skinned girls
Specific Scene Paris, France

(Known) London, England
Sydney, Australia

Specific Object George W. Bush
(Known) Coca Cola branded can

Eiffel Tower
Specific Scene Baku, Azerbaijan

(Unknown) Quito, Ecuador
Tbilisi, Georgia

Specific Object Shwezigon Pagoda
(Unknown) Ali Abdullah Saleh (President of Yemen)

Ushabti/Shabti/Shawabti

Table 1. The six categories evaluated and their correspond-
ing topics

document search who indicate mean ratings of 4.7, 7+ and
4.2 for experience, number of searches per week and enjoy-
ment respectively.

The results of the study show an increased level of ac-
curacy of the click-through data with users indicating the
clicked result relevant 88.1% of the time. This is markedly
higher that the 39% satisfaction with clicked document
search results reported by [11] and the 52% click-through
document relevance reported by [21]. Interestingly the ac-
curacy found by looking at the proportion of images with
relevant ground truths is slightly lower (84%). At the cat-
egory level, the reason for this difference becomes more
apparent with the results showing the accuracy is not uni-
form across search categories and knowledge levels of users
when system precision is low, as shown in table 2. Since the
difference in perceived accuracy of the clicks is greater for
the categories where the subjects did not think they could
visually identify what was described by the topic, one pos-
sible explanation is that when the system precision was low
the participants had a hard time learning the difference be-
tween object/scenes and that while similar, are strictly not
correct. An alternate explanation is that participants simply
clicked and marked images as relevant to simply complete
the study. Such an explanation is unlikely for a number of
reasons. Firstly to complete the study participants did not
need to click any images. Rather they could simply indicate
that they had finished the task. Secondly if this was the case
it would be expected that the difference between participant
indicated, and ground truth relevance, would be somewhat
constant over all categories at low system precision which

does not seem to be the case. In addition a manual examina-
tion of 20 random images selected by participants as relevant
but not indicated as such by the ground truth for unknown
topics lends partial evidence to former explanation, with the
majority being able to be explained in this way. The presence
of such results cast some doubt on the reliability of subject
detected relevance methods when examining the true accu-
racy of click-through data.

In comparison when the precision of the system is high
the participant indicated relevance and ground truths are
much closer (table 3). A possible explanation is that when
users see large numbers of similar images they quickly learn
the concept by placing trust in the system.

The final facets evaluated by the study, specific vs.
generic and object vs. scene show little impact although fur-
ther analysis is needed an planned for future work.

Category P(U) P(G)
Specific of scene (unknown) 0.836 0.587
Specific of object (unknown) 0.804 0.610

Specific of scene (known) 0.859 0.738
Generic of scene 0.902 0.752
Generic of object 0.886 0.835

Specific of object (known) 0.890 0.836

Table 2. Mean click-through relevance proportions for sys-
tem precision of 16.67%. P(U): The proportion based on the
number of results clicked the subject explicitly deemed rel-
evant vs. the total number of clicks. P(G): The proportion
based on the number of results clicked judged as relevant by
the ground truth judges vs. the total number of clicks.

Category P(U) P(G)
Specific of scene (unknown) 0.904 0.949
Specific of object (known) 0.914 0.951

Specific of object (unknown) 0.878 0.961
Specific of scene (known) 0.903 0.966

Generic of object 0.887 0.967
Generic of scene 0.900 0.969

Table 3. Mean click-through relevance proportions for sys-
tem precision of 83.33%. P(U): The proportion based on the
number of results clicked the subject explicitly deemed rel-
evant vs. the total number of clicks. P(G): The proportion
based on the number of results clicked judged as relevant by
the ground truth judges vs. the total number of clicks.

6. Conclusions
Addressing the reliability of web image search click-through
data, in comparison to traditional web based document
search, we motivate and present an in-depth user study.
Based on similar studies into document search click-throughs
by [11, 18, 21] we examine factors shown to undermine the



reliability of such data [21] as well as additional factors
uniquely present in image search. The results of this study
indicate that image search click-through data is consider-
ably more accurate in general than document based search
click-through data, although potential issue exist surround-
ing users searching with low levels of knowledge when cou-
pled with poor performance levels of the search engine. Fu-
ture work will seek to explore this and other properties in
greater detail. Additionally, work needs to be done to deter-
mine how often users perform image searches with limited
knowledge of their task. Such a property was not able to be
investigated in this study due to the limited, pre-fixed image
search content. It is possible that given such a task users in
the real world would more likely do a document search first
to understand what they are looking for.
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