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Abstract. While it is known that academic searchers differ from typical web
searchers, little is known about the search behavior of academic searchers over
longer periods of time. In this study we take a look at academic searchers through
a large-scale log analysis on a major academic search engine. We focus on two
aspects: query reformulation patterns and topic shifts in queries. We first analyze
how each of these aspects evolve over time. We identify important query reformulation patterns: revisiting and issuing new queries tend to happen more often
over time. We also find that there are two distinct types of users: one type of users
becomes increasingly focused on the topics they search for as time goes by, and
the other becomes increasingly diversifying. After analyzing these two aspects
separately, we investigate whether, and to which degree, there is a correlation between topic shifts and query reformulations. Surprisingly, users’ preferences of
query reformulations correlate little with their topic shift tendency. However, certain reformulations may help predict the magnitude of the topic shift that happens
in the immediate next timespan. Our results shed light on academic searchers’ information seeking behavior and may benefit search personalization.
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Introduction

Academic search deals with the retrieval of information resources in the domain of
scientific literature. Hemminger et al. [15] point out that academic search engines have
become the primary portal for researchers to gain information; see also [31]. In recent
years, there have been several publications focused on academic search and academic
searchers. However, most are very limited in scale, and rarely reveal insights into the
search behavior of academic searchers based on the analysis of large-scale transaction
logs [14, 23, 24]. In this study we take a look at academic search through a large-scale
log analysis from a major academic search engine.
Academic searchers do have a distinct search pattern that is different from the typical web searchers. For instance, in web search, the search activity becomes the least
intensive on Fridays and peaks in the weekends [2]. But, as shown in Fig. 1, academic
search activity peaks during weekdays, and drops in the weekends.
To study the behavior of academic searchers, we investigate two key aspects: query
reformulations and topic shifts. Both have received much attention in user behavior
studies of web search [4, 18, 26], but to the best of our knowledge, there is no previous work on revealing the query reformulation behavior and topic shifts of academic
searchers that is based on a large-scale log analysis. In fact, very little is known about
these two aspects of academic search.

Through this study, we provide an6
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swers to 3 research questions:
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RQ1 What is the query reformulation
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behavior of academic searchers?
RQ2 Do academic searchers have shifts
5
in topical interests over time?
RQ3 Is there a correlation between
4
query reformulation behavior and
topic shift?
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For the first question, we look at
2
query reformulation behavior over time.
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Query reformulation happens after the
user has examined the search engine reFig. 1: Average number of queries per
sult page and provides a more explicit
weekday in academic search (based on
type of feedback than clicks, which are
the dataset described in §3).
implicit and noisy [9]. We look at five
frequent types of query reformulation: revisiting a previous query, adding terms, dropping terms, substituting part of the query, and issuing a completely new query. We study
how the type of reformulation behavior changes over time and find that revisiting and
issuing new queries tend to happen more often as search goes on.
For the second question we take a quantitative approach to study topic shift over
time. We train an LDA model [3] on all long sessions in the query log that we examine.
We segment a user’s queries into different timespans, and treat queries in each timespan
as a bag of words. We infer a topic vector for each timespan of the user. Topic shift
between successive timespans is then calculated using the Euclidean distance between
the topic vectors. In this process we identify two types of user: one type increasingly
focuses on topics over time and the other diversifies over time.
Finally, we conduct a correlation study to see how these two aspects—query reformulation and topical shift—are correlated with each other. We find that user’s query
reformulation patterns have little correlation with the tendency of topic shift, meaning
that users with distinct reformulation preferences in search could be equally likely to be
diversifying or focusing on topics. We also find that certain reformulations (viz. adding
terms and issuing new queries) may help predict the magnitude of the next topic shift.
Contrary to previous work that studies academic searchers through surveys and user
studies, this paper sheds light on the reformulation behavior and topical shifts of academic searchers through a large-scale log analysis. The insights gained help us to understand academic searchers’ information seeking patterns from a much larger user base,
and may be useful for personalization in academic search.
In §2 we discuss related work. In §3 we introduce the dataset characteristics. In §4
we describe our approach to study query reformulations and topic shifts. In §5 we show
the result and analysis from the correlation studies. We present our conclusions in §6.

2

Related work

2.1 Academic search Academic search involves the indexing and retrieval of information objects (papers, journals, authors, . . . ) in the domain of academic research. The
earliest academic search engine MEDLINE, which began functioning in 1971, allowed

a maximum of 25 simultaneous users [28]. It was restricted to library usage and only
pre-programmed searches were supported instead of online queries.
When the web became popular in the 1990s, online academic search engines started
to flourish and gained popularity. Typical examples are Citeseer [11] and Aminer [38],
which focus on metadata retrieval and academic network extraction respectively. There
are several surveys and user studies on the search behavior of researchers on modern academic search engines [31–33], which are based on a relatively small sample
of researchers. The few log analyses conducted on search engines of digital libraries
are either investigating a single discipline [14, 23], or limited in scale [24], as a result
of which they are not representative of academic search. Moreover, they focus on basic usage statistics and lack insights on user behavior in search sessions. Recently, Li
et al. [27] studied the user behavior and query failure phenomenon in academic search
through a large-scale transaction log analysis.
2.2 Query reformulations Query reformulation is an important aspect of user behavior during search sessions. In recent years, there has been a range of studies that
cover patterns and models of query reformulation [4, 6, 18, 25, 35, 36], how they work
in a collaborative setting [30], in voice search [20] or in mobile search [37], and their
applications [5, 7, 21, 34]. These studies show that query reformulations are the key to
understanding user behavior, which will benefit retrieval tasks such as query auto completion [21] as well as topic and intent finding in users’ queries [34], and which may
help improve retrieval performance [13]. The findings are mostly in the domain of web
search and the query reformulation behavior studied is that of the general web users.
Multiple category schemes have been used for query reformulation in the literature [4, 6, 18, 25, 35, 36]. Different category schemes may correspond to (1) search engines of different designs (e.g., whether searches on multiple verticals are supported),
(2) whether using search assistance is considered as a reformulation such as query suggestion, or (3) different granularities of query reformulations. Manual categorization
may provide fine-grained results [6, 25, 35] but can not easily scale up to large query
logs. On the other hand, rule-based [18, 36] or learning-based [4] methods can be applied to a large query log, and are thus more suitable for analyzing long term query
reformulations from a large user base.
2.3 Topic shift in queries There has been a whole line of research that investigates
topic mining in web search query logs [1, 16, 17, 22], where the emphasis is on how
to segment and cluster queries by topic. However, the multi-tasking nature of web
searchers, which means searching and switching between multiple topics within and
across sessions [29], makes it cumbersome to derive useful insights from users’ topic
shifts, especially over long periods.
This paper differs from previous work in academic search, by studying a large transaction log from a major academic search engine, with a focus on user behavior in search
sessions. The findings are therefore better able to represent academic searchers, compared with earlier small-scale user studies and surveys. It also differs from previous
work in query reformulations in web search, by revealing the academic searchers’ preferences instead of those of the general web users. The paper differs from work on topic
shifts in web search by looking at a different domain: academic search. Compared to
the web searchers who have diverse, parallel, and fast-shifting topic interests, academic

searchers are more likely to have consistent interests in a general topic. For instance,
a researcher in information retrieval is more likely to stay in this general topic than
diverting to biology sciences. This makes studying the long term topic shift pattern
meaningful. Moreover, this study tries to link query reformulation to topic shift, and
provides useful insights into their connections through a series of correlation studies.

3

Data

We study a query log from the ScienceDirect search engine,1 containing over 39 million queries. The query log is collected from September 28, 2014 to March 5, 2015.
Table 1 shows the length statistics of the query log. Two thirds of the traffic come from
institution-authorized access, meaning that users in a certain IP range can access the
search engine, and they share the same session ID and user ID in the query log. Besides, many institutions use proxies or firewalls so that their IP is recorded instead of
the terminal device. Therefore it is not possible to differentiate these IP-users. We are
only confident in an ID-user one-to-one mapping when they log in or access the search
engine from outside the institution. And we study these “non-IP” users only, who contribute about one third of the traffic.
Table 1: Query length statistics in word count.
Category

#N min max mean median

Sciencedirect 39M

1 419 3.77

3

With a timeout of thirty minutes as a threshold, there are a total of 4,307,889 sessions for
these non-IP users, and 2,833,549 of them contain at least 3 queries which we denote as
“long sessions.” To obtain enough data of users, we confine the scope of users to those
who have a minimum of 30 queries, and whose search behavior lasts over 30 days at
least. This leaves us with 29,093 users and 1,918,334 query records.
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Approach

In this section we describe how we study the behavior and topic change of academic
searchers in a series of correlation studies.
First, we highlight the statistics of the prominent types of query reformulations from
the query log. Then, we apply a time sequence-based method to make observations of
how users progress in search. We break each user’s queries into sequences and then
align them, so that we can compare how users progress during search even if they
start at a different time. Specifically, we put each user’s queries into bins separated
by a certain length of timespan (to be specified below). Then, we align all searchers’
queries by timespan, with the first timespan of a user denoted as 0, the second as 1,
in a natural number sequence. We can observe query reformulation and topic shift of
users as they move from one timespan to the next. In this case, to gain enough samples
from the dataset and also to ensure statistical significance in our later correlation analyses, we sample timespans of 3, 7 and 14 days long. We choose timespans of different
lengths to observe whether some changes are more prominent over longer timespans.
1

http://sciencedirect.com

The length of timespans chosen also corresponds with the usual information seeking
cycles of academic searchers, as research suggests that information-seeking happens
toward a weekly basis rather than daily basis for faculty and graduate students [8, 31].
Note that users may issue no query in a certain timespan; in such cases the timespan
will be neglected for that user.
Query reformulation tendency over time. To uncover the reformulation preferences for the academic searchers as a whole, we examine the query reformulation preference over time for all academic searchers combined. For each timespan, we aggregate
the frequency of each reformulation from all users and obtain the proportion of each
reformulation type. We hypothesize that certain reformulations might happen more frequently as time goes on, for instance revisiting, because academic searchers tend to have
a consistent interest in their field of study [19] and may thus need to submit a previous
query repeatedly in search of new information. We try to determine if there is indeed a
linear correlation of the proportion of an action over the course of time (represented as
a natural number sequence of timespans). To this end, we use Pearson’s correlation.
It is common for users to use a combination of the query reformulations listed in the
previous section (revisiting, adding a term, dropping a term, substituting a term, new
query) in order to reach their search goal. In our analysis, we calculate the proportion
of each query reformulation in each time span for every user.
Topic shift. We study the tendency of a user to shift topic over time with a quantitative approach as we aim to measure the magnitude of change in topic. We train an
LDA model on long sessions that contain at least 3 queries. Each session is treated
as a “document” in training because the queries within a single session mostly likely
belong to the same general topic. The number of topics is set to 150, which is a reasonable value in the academic domain [12] and also ensures relatively fast convergence
in Gibbs sampling. For each user, we model the queries in each timespan as a bag of
words and use the trained LDA model to infer a topic vector. Then, for a given user the
magnitude of topic shift between adjacent timespans is calculated using the Euclidean
distance between the user’s topic vectors for the two timespans.
Correlations. After studying how users’ reformulation behavior and topical interest
change over time, respectively, we aim to find whether there is a correlation between a
user’s query reformulation patterns and their topic shift tendency. Specifically, we look
at two aspects of the correlations. First, the macroscopic aspect, i.e., whether a user’s
topic shift tendency is correlated with query reformulation preferences. For instance,
suppose a user favors a specific type of reformulation, say substitution; is this user likely
to be diversifying in topic shifts? Second, there is the microscopic aspect: in successive
timespans, is the proportion of each reformulation type in the first timespan correlated
with the topic change that happens during the next timespan? Based on the correlation
findings, we consider the task of predicting the magnitude of a user’s topic shift during
the next timespan.

5

Results and analysis

In this section we present the results of our analysis of users’ query reformulations and
topic shifts. We first analyze these two aspects separately and then perform a series of
correlation studies to examine their connections.

5.1 Query reformulation types To study users’ query reformulation types, we apply a syntactic-based automatic categorization. Our taxonomy does not require human
annotations and does not have the fine-granularity of those methods in [4, 18, 36]. However it is fully unsupervised and is scalable to a large query log; it contains five reformulation types that are common to the majority of taxonomies previously used for query
reformulations [4, 6, 18, 25, 35, 36]. The main difference is that none of these previous
publications considers “revisiting queries” as a reformulation while we do (Bruza and
Dennis [6] consider “repeated query” but there is no user identifier in their query log).
Revisiting Revisiting is issuing a query that is already in the user’s search history [39].
In academic search, we find that this reformulation type is very prominent, making up 33.8% of all reformulations, which shows that academic searchers tend to
have some consistent search intents and will seek information on the same topic
repeatedly.
Adding terms This type of reformulation is characterized by adding at least one term
to the previous query, and corresponds to the process of refining search. This is
typically seen in sessions where users start with a general query on a certain topic,
then add terms to examine sub-aspects within the topic [35]. This reformulation
type constitutes 8.5% of all reformulations.
Dropping terms This is the opposite process of the adding reformulation type, constituting 5.6% of all reformulations. By dropping at least one term from the previous
query, the user aims to retrieve information that is more general than the previous
query [35]. This may happen when academic searchers need context information
during learning.
Substituting terms Substitution of terms is the second most prominent reformulation
type that accounts for 28.0% of all reformulations. Substitution means keeping certain at least one term in the original query intact, then dropping old terms and
adding new terms. Substitution behavior may happen when a user is refining a
search, e.g., changing a synonym, or when the user is exploring different aspects
about a certain topic [35].
New query This reformulation concerns the situation where the user Issues a query
that has no overlap of words with the previous query and that does not appear in the
user’s search history. Submitting a new query that is different often means a change
of search intent [4]. It happens when other reformulations will not address the new
intent of the users. New queries make up 24.1% of all reformulations.
Compared to web search, where substituting terms accounts for the most popular type
(ranging from 22.73% to 37.5% in different datasets [4, 18]), the most prominent type
in academic search is revisiting and substituting terms only comes next.
5.2 Query reformulation tendency for all academic searchers combined Fig. 2
plots all searchers’ query reformulation tendency.
By definition of the correlation strength [10], there is a “very strong” positive correlation of the proportion of revisiting behavior over time, in the analyses of all timespans.
This confirms our earlier hypothesis in §4, that there is an increasing trend of revisiting
queries by academic searchers, which shows their consistent interests in certain topics.
Interestingly, between timespans of 3 days, the tendency to submit new queries is weak,
but at longer timespans (7 or 14 days), we can observe a moderate positive correlation.
This suggests that submitting new queries tends to happen not immediately (within a 3
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Fig. 2: The query reformulation preference over time for all the academic
searchers, measured in correlation of the proportion of the reformulation actions
(revisiting, adding terms, dropping terms, substitution and new query) over time.
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day gap), but within a longer gap. The negative correlation for the other three reformulations (add, drop, and substitute) shows that users perform these reformulations less
frequently in the later period of search.
5.3 Topic change tendency Using the approach described in Section 4, we study the
magnitude of the users’ topic shift over time. The tendency is represented by the correlation strength: the larger the correlation, the bigger the topic shift over time for a user.
Fig. 3 shows the distribution of the correlation of the users, for 3 different timespans.
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Fig. 3: The correlation of user topic shift over time.
The correlation strength of topic shift over time indicates the evolution of user interests over time, namely whether they tend to become more focused or more diversified. In general, we find that nearly half the users tend to have increasing topic shifts
over time (diversifying), and the other half have decreasing shifts (focusing). For different timespans, we see from the shape of the distribution, that there are more users
showing a stronger tendency of topic shift (either positive or negative) as the timespan increases. This indicates that bigger topic shifts tend to happen when the time gap
between searches is longer.
5.4 Correlation between reformulation behavior and topic shift There are users
who become more focused over time and those who do not. Correspondingly, we group
users by their tendency to shift topics, and study if this tendency has a correlation with
query reformulation patterns. Specifically, users are divided into 6 groups by the Pearson correlation strength r of the topic shift tendency over time: moderately diversifying
(0.4 ≤ r < 0.6), strongly diversifying (0.6 ≤ r < 0.8), very strongly diversifying (0.8 ≤ r ≤ 1.0) and moderately focused (−0.6 ≤ r < −0.4), strongly focused
(−0.8 ≤ r < −0.6), very strongly focused (−1.0 ≤ r < −0.8). Then we look at

the correlation with the user’s different reformulation type’s proportions, as shown in
Fig. 4.
Fig. 4 shows that we cannot differentiate diversifying or focused users, purely
based on their query reformulation patterns. That is, the user’s preference of
choosing certain query reformulations is
not correlated with their topic shift tendency. This is an interesting finding as
it shows that even users with distinct
query reformulation preferences, could
be equally likely to be focusing or diversifying in search.
Taking a step back, although we cannot determine whether a user is focusing
or diversifying based on preference of re- Fig. 4: The correlation of the topic shift
formulations, can we predict the magni- tendency (MD: moderately diversifytude of topic shift to happen in the next ing, SD: strongly diversifying, VD: very
timespan given only the user’s current strongly diversifying, MF: moderately
reformulation behavior? To answer this focused, SF: strongly focused, VF: very
question we first examine the individ- strongly focused), with the proportion
ual correlation between the proportion of of the reformulation actions (revisiting,
each reformulation type at a given times- adding terms, dropping terms, substitupan, with the topic change that happens tion and new query) for each user.
at the next timespan. See Table 2.
Individually, for the majority of users there is only a weak correlation between a
query reformulation type and the next topic shift. For users who show a strong correlation (−1.00 ≤ r < −0.60 or 0.60 ≤ r ≤ 1.00), submitting new queries contributes the
least to a decrease in topic shift magnitude and also the most to an increase in topic shift
magnitude, respectively, compared with other reformulation types. For longer timespans, there are more users who exhibit a strong correlation. Especially when the timespan is 14 days, 21.0% of the users show a strong or very strong correlation between
adding terms and topic change, and the number is even higher at 23.7% for submitting new queries. Interestingly, substituting reformulations tend to correlate the least
with topic change. This suggests that users tend to stay in the same general topic, or a
subtopic within the general topic, while modifying only part of the original queries.
5.5 Predicting the magnitude of the next topic shift Next, we try to utilize the
observational insights that we have just gained for a prediction task: can query reformulation signals help to predict the magnitude of a user’s topic shift?
More precisely, we use features from users’ reformulations to predict the magnitude
of topic shift at the next timespan. The features are the proportions and number of
occurrences of query reformulations in a timespan. We cast this task as a regression
task. Our training set is comprised of pairs of query reformulations and the topic shift
to happen at the next timespan for all users. The test set consists of the second-last query
reformulations and the next (final) topic shift for each user.

Table 2: Correlation of reformulation behavior with topic shift at the next timespan. Each column shows the distribution of users (in percentage) who have different correlation strengths between a reformulation type and topic shift, in an
interval of 0.2.
Correlation

Revisit Add Drop Sub

New

Timespan = 3 days
[−1.00, −0.80]
[−0.80, −0.60]
[−0.60, −0.40]
[−0.40, −0.20]
[−0.20, 0.00]
[ 0.00, +0.20]
[+0.20, +0.40]
[+0.40, +0.60]
[+0.60, +0.80]
[+0.80, +1.00]

1.6% 1.4% 2.4% 3.7% 0.9%
3.7% 2.9% 4.3% 8.1% 2.3%
6.9% 6.4% 7.7% 12.9% 4.5%
12.7% 11.5% 11.7% 16.9% 7.7%
16.5% 15.5% 16.1% 17.2% 11.4%
17.2% 17.5% 17.6% 14.2% 15.7%
15.8% 16.1% 15.1% 11.8% 19.3%
13.1% 14.5% 12.9% 7.6% 18.9%
8.4% 9.5% 8.0% 4.9% 13.5%
4.1% 4.6% 4.2% 2.9% 6.0%
Timespan = 7 days

[−1.00, −0.80]
[−0.80, −0.60]
[−0.60, −0.40]
[−0.40, −0.20]
[−0.20, 0.00]
[ 0.00, +0.20]
[+0.20, +0.40]
[+0.40, +0.60]
[+0.60, +0.80]
[+0.80, +1.00]

3.1% 2.4% 3.7% 5.9% 1.7%
5.3% 4.5% 6.1% 10.1% 3.4%
8.7% 7.4% 8.4% 13.1% 5.7%
11.7% 11.7% 11.2% 14.3% 8.4%
13.4% 13.9% 13.4% 14.4% 10.9%
14.7% 14.4% 14.4% 12.7% 13.8%
13.7% 13.8% 14.2% 10.6% 16.4%
13.1% 14.2% 12.8% 8.6% 17.4%
9.9% 10.9% 9.3% 6.4% 13.7%
6.3% 6.9% 6.4% 4.0% 8.6%
Timespan = 14 days

[−1.00, −0.80]
[−0.80, −0.60]
[−0.60, −0.40]
[−0.40, −0.20]
[−0.20, 0.00]
[ 0.00, +0.20]
[+0.20, +0.40]
[+0.40, +0.60]
[+0.60, +0.80]
[+0.80, +1.00]

4.8% 3.9% 5.5% 8.0% 3.0%
7.0% 6.4% 7.1% 11.6% 5.1%
8.6% 8.2% 8.9% 12.6% 7.3%
11.1% 10.7% 11.1% 12.2% 9.0%
11.6% 12.3% 10.9% 11.9% 10.6%
12.7% 12.3% 11.4% 11.0% 12.1%
12.7% 12.5% 12.8% 10.6% 14.5%
12.0% 12.8% 12.6% 8.5% 14.7%
10.9% 12.2% 11.1% 7.5% 13.5%
8.6% 8.8% 8.6% 6.0% 10.2%

We use linear regression and three evaluation measures: correlation coefficient, mean
absolute error (MAE) and root mean squared error (RMSE). The prediction results are
listed in Table 4. Prediction is more accurate on shorter timespans, with the 3 day predictions reaching a medium correlation (r = 0.4530), while 14 day predictions being

Table 3: Query reformulation features for prediction of the magnitude of topic
shift at the next timespan.
Name

Description

Reformulation proportions
Revisiting Percentage Percentage of revisiting reformulations
Percentage of adding term reformulations
Adding Percentage
Dropping Percentage Percentage of dropping term reformulations
Substitution Percentage Percentage of substituion reformulations
New Query Percentage Percentage of new query reformulations
Reformulation occurrence numbers
Number of revisiting reformulations
Revisiting Number
Adding Number
Number of adding reformulations
Dropping Number
Number of dropping term reformulations
Substitution Number Number of substituion reformulations
New Query Number
Number of new query reformulations
at only r = 0.3225. The performance difference indicates that topic shift magnitude in
a shorter timespan is easier to predict than longer timespans.
Table 4: Linear regression results (correlation coefficient, mean absolute error,
root mean squared error) for predicting the magnitude of a topic shift in the next
timespan given query reformulation features in the current timespan.
3 days 7 days 14 days
Correlation Coefficient 0.4530 0.3906 0.3225
MAE
0.0697 0.0755 0.0805
RMSE
0.0931 0.0999 0.1057
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Conclusion

In this study we have examined users’ query reformulation behavior and their tendency
of topic shift in academic search through a large-scale log analysis. We have found
that over time, academic searchers as a whole tend to conduct revisiting, as well as
submitting completely new queries. This pattern corresponds to the academic searcher’s
information needs: either seeking previous search results or new results on the same
search intents, or simply pursuing new search intents. We have identified two types of
topic shift patterns in users, namely the focusing type and the diversifying type.
Through a series of correlation studies, we have found that a user’s preference for
certain query reformulations does not correlate to their topic shift tendency. Nevertheless, users’s current reformulation patterns (adding terms, submitting new queries)
may help to predict the magnitude of topic change in the immediate next timespan.
We further used features from query reformulations for predicting the magnitude of
the next topic shift. The findings of the query reformulation behavior, topic shift type,
and their connections help to improve our understanding of the behavior of academic
searchers from a large user base. They may provide hints for personalized search, such

as whether to provide exploratory or focusing type of search results, and recommendations of queries or papers for users.
In future work we intend to look at query reformulation patterns in the context of
different search tasks, e.g., a navigational task for a single document, or a learning task
for a certain research topic. And we will examine the utility of using query reformulation features to improve retrieval performance and provide better recommendations in
academic search.
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