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Abstract. Search engines give the same results for the same query. They
do not consider that a user’s topics of interest may diverge at different
times even if the query terms are the same. This paper presents the
findings of a study into how different topics of interest of a user are
influenced by time. The results show that most of the users have time
sensitive search patterns, indicating that they have different topics of
interest that are dominant at different times.
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1 Introduction

Search engines are used to search and retrieve information from the Web. The
Web has information on almost every topic but the search engines do not consider
diverging interests of a user and retrieve the same results for a query even if it
is issued at different times.

An example of this could be a user who is a computer science student who
also likes sports. So, it can’t be said that (s)he will search only for the topics
related to computer science. It is possible that at some point of time, (s)he will
search for sports also. So, if (s)he issues a query ”tag”, during study hours, (s)he
may be looking for HTML tags but, in some leisure time, the same query may
mean Tag Sports Gear, a sporting goods brand.

Although the user queries are mostly small and ambiguous in nature [11],
better results can be provided if a user’s topics of interest and search patterns are
known. Search patterns have been studied before based on the query logs. Query
logs serve as an excellent store of knowledge as they have complete information
about what the users have searched in a given time frame. It has been observed
by previous studies that a user’s search behaviour varies from workplace to home
[18]. Change in topical categories and search query volume also varies with time
[3][23][2]. According to these studies, after analysing the query log, they found
that there is a pattern in search queries. But a general search pattern cannot be
applicable to all users.



Jivashi Nagar and Hussein Suleman
2 Research Question

Do the topics of interest of a user vary with time of the day?

Motivated by the observations of past studies, this study explored the time
sensitive search pattern of a user to find his/ her different topics of interest
that are dominant at different times. This study observed queries issued by 100
different users in an AOL query log [1] and analysed the query set of each one of
the 100 users individually. The details and outcomes of this study are presented
in this paper. Section 2 shows the related work on user’s search behaviour,
pattern identification and topic modelling. Section 3 covers the methodology
of our work. Section 4 presents the analysis of the data. Section 5 includes
limitations of the study. Section 6 is the conclusion of the work and future
directions.

3 Related Work

3.1 User’s Search Behaviour And Pattern Identification

It is crucial to analyse a user’s search behaviour to provide effective and efficient
search services. The query log data can be used to know how users use the
search engines and also about their diverse interests and preferences [8]. Rose
and Levinson [19] made an attempt to understand users’ search goals. They
analysed an Alta Vista query log and found that the goal of users’ searches is less
navigational and more resource seeking. In a work by Tyler and Teevan [21], the
authors analysed repeated queries and user behaviour. According to this study,
search engines can capitalize this re-finding behaviour of the user to improve
the user’s search experience. In the same line of re-finding behaviour, Tyler et
al. [22] in their study found that repeated re-finding behaviour also contains
diversification. According to Srivastva et al. [20], identifying the patterns in
Web usage can be helpful for marketers in placing advertisements focusing on
a certain target group. Temporal analysis of the sequence patterns can prove
useful in finding the trending topics.

Temporal analysis of query logs has also been done by many researchers to
explore users’ search behaviour and search patterns. A significant outcome of
the study by Rieh [18] is that the author was able to find the difference in search
behaviour of the users. According to this study, users’ search behaviour differs in
their workplace from that at home. The websites visited during working hours
were mostly related to their work while, at home, the search was of diverse
nature. In a similar work [24], Yuye and Alistair analysed an MSN query log.
They found a general pattern in the volume of queries. There was a peak early
in the week that dropped steadily until Friday and decreased sharply over the
weekend. This pattern speaks about the weekly routine of a common working
person. They also observed an hourly pattern and found a rise in the volume
of queries from early morning, peaking at noon and decreasing steadily through
midnight. Judit et al. [2] analysed the same MSN query log for topic specific
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analysis. They found that, during weekdays, queries related to work were domi-
nant. In a comparatively recent work by Michael et al. [23], the authors analysed
a Russian query log spanning one year. According to this study, queries related
to categories like "Health” and ”Beauty and Style” were distributed more or
less constantly throughout the year. Some categories like ” Education” observed
a drop during vacation periods. John Cosley [6] has shown that the query terms
and search patterns of users vary with time of the day and also with device (Mo-
bile and PC). He also compared the search patterns of weekdays and weekends.
According to this study, queries regarding task completion were dominant dur-
ing the morning on weekdays, while entertainment and shopping related queries
have shown their dominance in the evening on Mobiles and Tablets. All these
studies have analysed the query logs as a whole and suggested that there is a
pattern in users’ search behaviour. Some of them [23][2][6] also analysed the time
dependent popularity of some topics. They did not consider and analyse each
individual user’s search pattern. A common trend of topic change and popularity
cannot be applied to improve the search experience of an individual user. Each
user may have a specific search pattern, which is different from the others. As
reported by Michael et al. [23], the queries related to the category ”Education”
observed a decline during the vacation period; this trend or pattern cannot be
generalized for each user. A user, who is looking for extra classes or lessons, may
search for ”education” even in the vacation period.

3.2 Topic Inference

Every user has different topics of interests. To find the different topics from query
logs, most of the previous studies about topic based personalized information
retrieval systems have relied on Open Directory Project (ODP) categories [15][13]
[4][15]. Jansen et al. [10] used the Google Directory topical hierarchy to classify
the queries into subject categories. Arguably, Web search is not limited to these
categories because of the rich nature of the Web. It is not ideal to put the
wide range of a user’s interests into predefined categories. Unsupervised Machine
Learning may be a better tool to learn latent topics from users’ search queries
[14].

4 Methodology

The goal of this study is to investigate the time sensitivity of a user’s topics of
interest. We analysed queries submitted by each user separately to explore the
time sensitive search pattern of that user. This section presents the details of
our study in the following steps:

4.1 Data Collection

In this study, the search history of 100 users from an AOL query log [1] has been
analysed. The AOL query log is publicly available log data for research and anal-
ysis [1][17]. The AOL query log has been analysed before by many researchers.
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Duarte et al. [7] identified queries with children intent from this AOL query log.
This log collection contains about 20M Web queries from 650K users issued in
three months from March 2006 to May 2006. The data is anonymized and con-
sists of: UserID, Query, QueryTime, ClickedRank, DestinationDomainUrl. Each
UserID represents a unique user. For this study, UserID, Query and QueryTime
fields of the query log were considered. It was assumed that each UserID is
representing a unique user. The logs of each unique user were cleaned and pre-
processed for further analysis. The details of data cleaning and pre-processing
are described below.

4.2 Data Cleaning

The queries of each of the 100 users were processed individually. The entries
with empty queries were removed. The same queries that were submitted on
the same date within a time difference of less than 10 seconds were also not
considered for analysis. According to Odjik et al. [16], queries issued within a
few seconds of time are more likely to be spelling correction or substitution type
of formulations of the previous query issued. These queries were not considered
as different queries but some modification of the previous ones. This process of
removing incomplete, irrelevant or duplicate data is called data cleaning.

4.3 Pre-processing

Pre-processing, also known as text normalization, gives a syntactical view of the
original text. Pre-processing was accomplished by using the Natural Language
Toolkit (NLTK). NLTK is a free and open source community-driven project [9].
It is the most used platform to work with natural human language data. This
involves tokenization, stopword and punctuation marks removal, and lemmati-
zation.

The process of dividing a phrase or sentence into tokens is called tokenization.
The tokens may represent words, digits or punctuation marks. After tokeniza-
tion, stopwords were detected from the data. Stopwords are common and high
frequency words that are independent of any topic like a, an, the, for and and.
Following detection of stopwords and punctuation marks, they were removed
from the query terms and the query terms were lemmatized.

Lemmatization aims to remove inflectional endings and to return the base or
dictionary form of a word, which is called the lemma. This step utilizes vocab-
ulary along with a morphological analysis of words.

Table 1 shows the aggregate number of queries of 100 users and the queries
that remained for analysis after cleaning and pre-processing.

4.4 Topic Modelling

Topic modelling is a technique that is used to identify the latent topics present in
a corpus. Topic models are the algorithms that are used to find the main themes
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Table 1. Queries analysed

lOriginal number of queries[Queries remained after cleaning‘
| 22096 [ 6850 |

or ideas in a data collection. In a number of previous works, authors have utilized
predefined topical categories like the Open Directory Project [12][4][15] and the
Google Directory topical hierarchy [10] to find the topics of interest of a user.
According to Mehrotra [14], to learn the latent topics of interest from the user
search logs, unsupervised machine learning would be a better tool.

Latent Dirichlet Allocation (LDA) is an unsupervised approach for topic
modelling. It is a generative probabilistic mode for a text corpus [5] and the most
commonly used approach for topic modelling. LDA is a three-level hierarchical
Bayesian model. In LDA, each document of a corpus is modeled as a finite
mixture over an underlying set of topics and each topic is modeled as an infinite
mixture over an underlying set of topic probabilities [5].

In this study, we assumed that each user has at least 4 different topics of
interest. After applying LDA on the queries of each user, topics were assigned
to the individual queries. According to LDA, a document may have more than
one topic. So, in this case, if a query fell under more than one topic, all those
topics were assigned to that query. The reason behind doing this is that most of
the Web queries are ambiguous in nature i.e. they may belong to many topics.
The aim of this study is to find the temporal dominance of topics of interest of a
user. We analysed which topics were dominant at a particular time. This notion
of assigning multiple topics to a query along with finding temporal dominance
of topics can be utilized to disambiguate the ambiguous queries. After assigning
the topic(s), the queries were grouped according to the Time-bins.

4.5 Time-bins

The aim of this study is to find time sensitive search patterns. We analyse the
relation between a topic of interest and the time when it is searched dominantly.
According to Rieh [18], users search behaviour differs in their workplace from
that at home. For the purpose of our study, we divided the time of a day into four
customized bins according to the common daily routine of a working person. The
four Time-bins are: Early morning (6h-8hr), Working hours (8h-18h), Evening
time (18h-24h) and Midnight (24h-6h).

5 Results And Analysis

In this section, search patterns of all of the 100 users were analysed. Keeping in
mind that this AOL query log is from 2006 i.e. more than 10 years old, people
searched less frequently because of Internet availability and usage cost. People
used to search for fewer topics. In present times, due to fast Internet connections,
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easy availability and more advanced communication devices, users search more
frequently. Moreover, the number of topics of interest has also increased. In spite
of this limitation, some promising facts are revealed from its analysis. Table 2
shows the number of Time-bins used by the users to issue queries.

Table 2. Number of Time-bins used

Number of Users‘Number of Time-bins Used‘

12 4
35 3
50 2
3 1

As can be seen from Table 2, out of 100 users, the majority of the users (50)
have utilized 2 Time- bins to issue their queries. 35 users have made their queries
in 3 Time-bins while 12 users have searched in 4 Time-bins. Very few users (3)
have searched only in one Time-bin. Table 3 presents the time-sensitive search
patterns of users along with their respective numbers of dominant topics. Every
unique number in Example Pattern indicates the different dominant topic in a
user’s search pattern. For instance, pattern 123 represents the search pattern of
a user who has searched in 3 Time-bins and in every Time-bin the dominant
topic is different. One of the possible pattern, 1122, when a user searches for
2 dominant topics in 4 Time-bins, was not found in any of the 100 patterns
analysed. Out of 100 users, 1 user has searched for 4 different dominant topics
in the 4 Time-bins, 13 users have searched 3 Time-bins with 3 distinct dominant
topics and 42 users have 2 different dominant topics for the 2 Time-bins they
searched in. So, 56 users have searched for different dominant topics in every
Time-bin. Among the users who searched in 4 Time-bins, 6 have 3 dominant
topics and 3 have 2 dominant topics. 19 users have 2 dominant topics in 3 Time-
bins they searched. Thus, there are 28 users who have at least either 3 or 2
dominant topics of interest. Only 13 users have shown the same dominant topic
in every searched Time-bin and, as shown in Table 2, 3 users have searched in
only 1 Time-bin.

The following figures represent search patterns of some of the categories
shown in Table 3.

Figure 1 shows the search pattern of Category 2 users. Each time the user
has searched, the dominant topic is different. Topic3 which is not searched much
at Timel and Time3, becomes dominant at Time4.

Figure 2 represents the search pattern of a Category 4 user. The user has
searched only in 2 Time-bins but, in both the Time-bins, the dominant topics
are different. Topic2, which has not been searched at Time3, is dominating at
Time4. Figure 3 shows the search pattern of a Category 5 user who has made
searches in 3 Time-bins. At Timel, only Topic0 is searched and it also dominates
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Table 3. Dominant Topic patterns and calculated entropy

|Category|Number of users|Number of Dominant Topics|Example Pattern|Entropy]|

1 1 4 1234 1.386
2 13 3 123 1.098
3 6 3 1233 1.039
4 42 2 12 0.693
5 18 2 122 0.636
6 4 2 1333 0.215
7 16 1 1111,111,11,1 0
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Fig. 1. Search pattern of Category 2
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Fig. 2. Search pattern of a Category 4 user

at Time3. Topic2, which has not been searched either at Timel or at Time3,
clearly dominates at Timed4.
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Fig. 4. Search pattern of a Category 6 user

Figure 4 shows the search pattern of a Category 6 user. The user has searched
TopicO and Topicl in all the 4 Time-bins. While Topicl is dominating in 3 Time-
bins (Timel, Time2 and Time3), at Time4, Topic3 is dominating followed by
Topic2.

Figure 5 shows the search pattern of a Category 7 user. The Category rep-
resents the users who have the same dominant topic in every Time-bin whether
they searched in 4, 3 or 2 Time-bins.

These search patterns indicate that users have different topics of interest and
they prefer to search about them at different times.

For analysing the variability in patterns of dominant topics, entropy was
calculated. Entropy is a measure of disorder or randomness and refers to the
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Fig. 5. Search pattern of a Category 7 user

number of possible states a variable can have. It is calculated as:
H(X) ==Y lnp(a:).p(xi)
i=1

A greater value of entropy points to more possible states or randomness of a
variable. Table 3 shows the calculated entropy for different patterns of dominant
topics, suggesting an ordering and grouping of different topic patterns based on
variability.

80 users have entropy greater than or equal to 0.636. Even if a user searched
in at least 3 Time-bins, the dominant topics were unique in 2 Time-bins. In
other words, some topics are dominantly searched in a particular time interval.
It clearly means that there is variability and uncertainty in a user’s topics of
interest. A user’s topics of interest differ in different time intervals and so we
can say that the topics of interest of a user are time-sensitive.

This inference can be utilized to disambiguate the queries and provide more
useful and relevant search results.

6 Limitations

The aim of this study is to explore the temporal dominance of topics of interest of
a user. For this purpose, we selected the queries submitted by 100 users from an
AOL query log. The time of the day was divided into four bins and it is assumed
that each user has at least four topics of interest. After processing and analysing,
it was found that most of the users search for different topics at different times.
It can be said that topics are time sensitive.

This study was able to find the time-sensitive search patterns of a user but
it has some shortcomings also.
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1. The query log data was old but readily available for analysis.

2. The queries of only 100 users were analysed because the query set of every
user was cleaned manually.

3. It did not figure out the exact number of topics of interest of each user. As
we divided the time of the day into 4 Time-bins according to the routine
of a common working person, it was assumed that each user has at least 4
topics of interest for 4 time bins.

4. Although we were able to find search patterns based on these Time-bins,
each user may have different search Time-bins.

7 Conclusions And Future Work

We have studied an AOL query log to explore the time sensitive search patterns
of users. We have analysed the queries of 100 different users and found that,
out of 100 users, 84 users have at least 2 different dominant topics searched at
different times. Only 13 users have searched for the same topic in every Time-
bin and 3 users have searched only in 1 Time-bin. This study concludes that
most of the users have time sensitive topics. They search for different topics at
different times. Different topics are dominant at different time intervals. The
goal of future work is to explore and exploit the time sensitive search patterns
of a user to model a user’s time sensitive search behaviour, which could prove
helpful to search engines in disambiguating the short and ambiguous queries and
also providing users with more relevant search results.
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