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A New Query Recommendation Method Supporting 
Exploratory Search Based on Search Goal Shift 

Graphs  
Chao Ma, Bin Zhang  

Abstract—Exploratory search is an increasingly important activity for Web searchers. However, the current search system can 
not provide sufficient support for exploratory search. Therefore, we made in-depth analysis for exploratory search processes, 
and found that there are a lot of search goal shift phenomena in exploratory search. Based on this fact, we have designed a 
new query recommendation method to support exploratory search. Firstly, according to the behavioral characteristics of 
searchers in the search goal shift processes, all the queries submitted in the search goal shift processes are extracted from 
search engine logs using machine learning. And then we have used the queries to build a search goal shift graph; finally, the 
random walk algorithm is used to obtain the query recommendations in the search goal shift graph. In addition, we 
demonstrated the effectiveness of the method for exploratory search by comparing experiments with the other methods. 

Index Terms—Query recommendation, Exploratory search, Search goal shift graphs  

——————————      —————————— 

1 INTRODUCTION

Exploratory search is an increasingly important activity 
yet challenging for Web searchers. In exploratory search, 
the searcher is unfamiliar with their problem domain, 
unsures about the ways to achieve their goal, or lacks a 
well-defined goal [1]. To support exploratory search, the 
search system is required not only to provide accurate 
search results, but also to help searchers explore related 
and novel aspects. Therefore exploratory search system 
needs an effective query recommendation method to re-
solve this problem. 

However, the current query recommendation methods 
mainly focus on optimizing users’ current query which is 
far away from satisfying users’ information needs of the 
whole search session. To support exploratory search, we 
observed and analyzed the search logs of exploratory 
search process performed by different users, and we 
found that there are a lot of search goal shift phenomena 
in exploratory search. As the following example: A Chi-
nese university student attends a birthday party orga-
nized by a French student, and he wants to choose a suit-
able birthday gift, which is a typical exploratory search 
task. Because the Chinese student only got some very 
vague goals, such as  

Object:                            a gift not a normal thing 
Applicable occasions:      birthday party 
Basic features:                 French favorite items 
Budget:                           200 RMB or so 
Based on these conditions, the student used the key 

words “French people like flowers” for the query; ex-

plored “flowers” which is the most popular gift. He felt 
using flowers as a birthday gift doesn’t feature after click-
ing many links of search results. And the search results 
mentioned that French people are very fond of drinking 
wine. So he changed his idea and felt that “wine” may be 
more appropriate as a gift for the birthday party. So the 
user used “French wine” as a key word and query “red 
wine” as new search goal to explore. Using the search 
results about the “French wine brand” and “French wine 
prices”, the student figured out French wine prices are 
expensive far beyond his budget. Obviously “red wine” is 
not a suitable search goal either. At the same time, he 
thought, “arts and crafts” may be more appropriate. Then 
he used “handicrafts”, “Chinese arts and crafts” as key 
words to query on the "arts and crafts" which is a new 
search goal, and eventually found hopeful gift to the end 
of the search task. 

From the example, it’s clear that the user's search goal 
shifts from the “flowers” to “red wine” and then from the 
“wine” to “arts and crafts”. And the search goal shifts 
precisely reflect the user’s exploratory behaviors and 
needs. Therefore we based on the "search goal shift" de-
signed a new recommendation method to support ex-
ploratory search. Firstly, according to the user’s behavior-
al characteristics in the search goal shift process, we ex-
tracted all queries during search goal shift processes from 
search logs; then we used the queries to construct a search 
goal shift graph; finally, we recommended other goals 
related to the current goals using the search goal shift 
graph.  

In addition, we have designed a query recommenda-
tion test method, by which we can compare our recom-
mendation method with the other methods. And the ex-
perimental results showed that the recommendation 
method we designed can significantly shorten the search 
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time to help users improve the search efficiency. 

2 RELATED WORKS 
2.1 Query Recommendation  
Most of the query recommendation techniques are using 
similarity measures between queries by query terms, 
clicked documents, or sequences of queries in sessions. 
Baeza-Yates et al. [2] extracted query-clicked URL/doc 
bipartite graphs using search logs to find query recom-
mendations. Craswell and Szummer [3] also used the 
query-click graph to find related documents and queries. 
Mei et al. [4] presented a “Hitting Time” algorithm to find 
related queries using the query-click graph. Cao et al. [5] 
tried to understand user's context which in-
cludes multiple information including age, gender, 
username, IP, tools etc. and also previous queries in a 
query session in order to suggest new queries. Boldi et al. 
[6] proposed a query-flow graph which represents the 
latent querying behavior contained in a query log. 

2.2 Exploratory Search 
In the past 30 years, many scholars have made in-depth 
study of the search process of exploratory search behavior. 
In 1989, Dr. Bates M J proposed Berrypicking model [7] 
that the user's search direction and the desired result will 
constantly change with the search process changing. In 
1991, Kuhlthau C C proposed that information retrieval 
process includes starting, selection, exploration, collection 
and ending six stages [8]. In 1995, Byström K and Järvelin 
K used the methods of logs and questionnaires to analyze 
the relationship with search complexity of the task, type 
of information, information channels and resources [9]. In 
2006, Marchionini G proposed exploratory search [10].  

Recently, exploratory search research focuses on the 
characteristics of the exploratory search process and the 
different types of support needed to help people make 
exploratory searches [1]. Someone tries to provide a query 
preview control by allowing users to take nodes and rec-
ord the results [11] so that they can view the distribution 
of newly-retrieved and retrieved documents before run-
ning the query [12]. Some research efforts focus on tradi-
tional search techniques such as query suggestions, as-
pects and information classification. For example, Hassan 
Awadallah et al. [13] constructed a method of automati-
cally identifying and recommending tasks that allow 
searchers to explore and complete complex search tasks, 
Sun et al. [14] proposed a topic-oriented query for explor-
atory search method, Ksikes et al. [15] designed an ex-
ploratory faceted search system, Zhang et al. [16] grouped 
the relationships between entities into a virtual-generated 
hierarchical clustering to an effective leader to explore 
and discover. Other attempts have been made to design 
and research visual search interfaces and interactive user 
modeling to support exploratory search tasks. For exam-
ple, Bron et al. [17] proposed an auxiliary exploratory 
search interface to support media research; 
Bespinyowong et al [18] designed exploratory data ex-
ploratory ranking interface; Peltonen et al [19] used a 
negative feedback search intent radar interface to help 

users conduct exploratory search. 
All these previous methods focus on refining user re-

quirements, showing several facets helping users refine 
their requirement and find their desired information. But 
they cannot satisfy such user needs as finding some novel 
search goals when users are losing the interests of current 
search goal.  

In contrast to these methods our method focuses on 
recommending some new search goals that help users 
explore related and novel aspects when they are losing 
the interests of current search goal. 

3 MOTIVATIONS  

In order to make a more accurate analysis for the behav-
ioral characteristics of exploratory search, we firstly de-
signed four search tasks with the characteristics of the 
exploratory search according to the literature [20], and 
organized 30 volunteers to make actual searches for these 
exploratory search tasks. Specific tasks as follows: 

1. Supposing you are a reporter and asked to write 
an article about information security, the article 
needs to include a basic introduction theme, as 
well as significant information security incidents 
which happened in the past. And describe how 
the security of information affects people's daily 
lives from different views. Finally focus on the 
ways of preventing information leaks and im-
proving information security. 

2. Assuming you have a family of four and a month-
ly household income of 20,000 RMB, and you are 
ready to buy a house in Beijing. Now you need to 
write a purchase plan to help families make deci-
sions. The plan includes each property’s basic in-
formation outlined in items such as: location, size 
and price. Then it should also describe periphery 
of education, health care and property manage-
ment information. Finally it should compare ad-
vantages and disadvantages of each project ana-
lyzed. 

3. Supposing you have a 40-year-old, type 2 diabetic 
male relative who wants to lose weight. But he 
can only spend three hours a day exercising due 
to his busy work. He is not familiar with network 
technology, so he wants you to help him develop 
a diet and exercise plan. This plan should not on-
ly include the effects, but also mention that it may 
bring risks and the way of how to monitor the 
risks. 

4. The examples mentioned in the preamble, let's 
say you are a Chinese university student and pre-
paring for a birthday party organized by the 
French students. How to choose a suitable birth-
day gift? The task requires you to select the strat-
egy and selection reason or exclusion reason for 
each item. 

For each search task we required volunteers to complete 
in 1 to 2 hours. And in each task we obtained the results 
at the same time also collected each volunteer's search 
logs to analyze. We adopted the following concepts and 
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definitions for analysis processes: 
Related concepts: 
1. Query topic: The query topic is a category used to 

describe the structure of the query information. 
2. Hierarchy of the query topics: We divided the hier-

archy of query topics for all the users by the two-tier 
topic model.   

Fresh flowers
Red rose

French wine
Sparkling wine

Presenthigher-level topic

flower

Business

Starbucks
Schultz

Carrefour
Supermarket

lower-level topic

wine retail coffee

Fig. 1. Hierarchy of query topic 

As Figure 1 shown, we define all the topics con-
tained in the upper layer as higher-level topics, and 
define all the topics we include in the second layer as 
lower-level topics in this model. The lower-level top-
ic represents common co-occurence patterns (corre-
lations) between words in sentences.  The higher-
level represents common co-occurence patterns (cor-
relations) between lower-level topics in documents. 
For example “starbucks” and “schultz (Starbucks 
creators)” often appear in the same sentence, so they 
are often clustered into the same lower-level topic 
(coffee). “Carrefour” and “supermarket” are also 
clustered into the same lower-level topic (retail) be-
cause they often appear in the same sentence. The 
statements that contain “starbucks” and “schultz” 
and statements that contain “Carrefour” and “su-
permarket” often appear in the business documents, 
so lower-level topics “coffee” and “retail” are often 
clustered into the higher-level topic “business”. 

3. The relationship between the query topics: Accord-
ing to the two-tier topic model, we can get the rela-
tionship between the query topics shown in Table 1. 

Table 1 
The relationship between query topics 

)',( qqSim topicL−
 )',( qqSim topicH −

 relationship 

>threshold η  >threshold φ  'qq TT = topic consistency 

>threshold η  <threshold φ  
'qq TT ↔ topic coherence 

<threshold η  <threshold φ  
'qq TT ≠  topic change  

 
Related definitions: 
1. Search goal: An atomic information need is reflected 

through a query query or more queries. That is, two 
consecutive queries in the same session, and if they 
are similar to each other based on a given threshold, 
they belong to the same search goal. The form is de-
scribed as: 





<
>

=
θ
θ

thresholdqqSim
thresholdqqSim

qqSamegoal )',(0
)',(1

)',(  

2. Search goal shift: In the exploratory search process, 
when the user isn’t interested in the current search 
goal, and submits a query q’ for the next step search. 
If the query q and the query q’ do not belong to the 
same search goal but they are topically-coherent, the 

search process between the two quiries is defined as 
the search goal shift. The query q and the query q’ 
are called the search goal shift query pair. Its formal 
description is q→q’. 

Fig. 2 shows a typical search goal shift process. 
The search goal shifts from the “flower” to “wine”, 
which can be represented by a search goal shift que-
ry pair “Red rose” →”French wine”. 

Q: French people like flowers

Q: Red rose

Same Search Goal
Q: French wine

Q: Red wine prices

 Search Goal Shift

Q: Spots News

Q: NBA live streaming

Q: Red wine brand

Same Search Goal

Mission Change

 
Fig. 2. “Search goal shift” process 

After the experiments we got the results of the analysis in 
Fig. 3 and Fig. 4. From Fig. 3, we can see all queries sub-
mitted during the search goal shift have accounted for 
more than 50%, and at the same time from Fig. 4 we can 
see that the search goal shift is almost throughout the 
search process. 

 
Fig. 3.  “search goal shift” distribution 

 
Fig. 4.  “search goal shift” scale changes by time 

The above results show that the search goal shift phe-
nomenon is one of the important behavioral characteris-
tics of exploratory search process. So it has very high re-
search value of the query recommendation method based 
on the search goal shift. 

4 QUERY RECOMMENDATION FRAMEWORK 
Based on the basic framework of the search goal shift graph, 
exploratory query recommendation method mainly consists 
of two parts, offline and online, as shown in Fig. 5. 
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Fig. 5. Query recommendation framework  

4.1 Offline Part  
Offline part mainly includes two major steps, the search goal 
shift identification and the search goal shift graph building. 
In the offline part, we manually annotate the search goal 
shift in some users’ search session, then use machine learn-
ing to convert inefficient manual identification process into 
efficient AI calculation. Finally we use all queries submitted 
during search goal shifts to construct a search goal shift 
graph. 

4.2 Online Part  
Online part also contains two steps, user's search behavior 
judgment and top-k recommend. In the online part, we use 
the identification model which is trained from the offline 
part to judge whether users’ search behaviors belong to 
“search goal shift”, then we use a random walk algorithm to 
find the top-k most relevant search queries from the search 
goal shift graph as a result of recommendation. 

5 IDENTIFYING SEARCH GOAL SHIFT 
Because our final goal is to provide query recommendations 
for users, the process of “identifying search goal shift” is to 
identify all search goal shift query pairs from the search en-
gine logs and use them to compose of the candidate set. To 
this end, we took Sogou company’s search engine logs in 
June 2008 as experimental data, used the approach designed 
in [21] to extract the massive exploratory search sessions 
from the logs, and randomly selected 5000 of them as the 
sample set. And then we instructed external human judges 
to examine each query pair in these sessions. If there is a 
search goal shift between two queries in a query pair, the 
query pair is marked as a search goal shift query pair, oth-
erwise marked as a normal query pair. Finally we used vari-
ous feature values extracted from the annotation results to 
train an identification model. The specific approach is as 
follows: 

5.1 Features of the Search Goal Shift 
In this section, we described the extraction process of the 
features used for identification. 

5.1.1 Query similarity 
According to the previous definitions, if the search goal shift 
occurs between two queries q, q’, the two queries belong to 

different search goals. Thus we might expect the similarity 
between two queries in a query pair can be used to identfiy 
whether the query pair is a search goal shift query pair or a 
normal query pair. In order to examine this, we need to 
measure the similariy between q and q’. In our work, we 
proposed two metrics and two measures for assessing the 
relatedness of two queries both in terms of their text content 
and their semantic. 

1) Content Similarity. Two queries that share some com-
mon terms are likely related. Such as the following two que-
ries: 

q: French wine brand 

q’: France wine prices 

To measure the content similarity between queries in a 
query pair, we began by performing standard text normali-
zation where we removed the stop word, unified the case of 
the text, and replaced all runs of whitespace characters with 
a single space. Thus every query is represented as a bag of 
non-stop word terms, and then we adopted Jaccard index 
[22] based on terms to calculate content similarity between 
two queries. 

The Jaccard index, also known as Intersection over Un-
ion and the Jaccard similarity coefficient, is a statistic used 
for comparing the similarity and diversity of sample sets 
[22]. The Jaccard similarity coefficient between two queries 
q, q’ is computed as follows: 

)'()()'()(

)'()(
)',(

qTqTqTqT

qTqT
qqJaccard





−+
=                             (1) 

where )(qT is the number of terms in query q, and 

)'()( qTqT   is the number of matched terms in q and q’.  

In setting the term match rule, we found that sometime 
the two terms may be very similar, but not identical, due to 
mispelling, or different prefixes/suffixes, as in the example 
above, “french” and “france”. So we use the Levenstein dis-
tance [23] to measure the degree of match between the two 
terms. 

Levenshtein distance is a string metric for measuring the 
difference between two sequences. Informally, Levenshtein 
distance between two terms is the minimum number of sin-
gle-character edits (insertions, deletions or substitutions) 
required to change one term into the other [23]. The 
Levenshtein distance between two terms t, t’ given by 
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For example, the Levenshtein distance between “french” and 
“france” is 2, since the following two edits change one into 
the other, and there is no way to do it with fewer than two 
edits: 

1. french → franch (substitution of “a” for “e”) 
2. franch → france (substitution of “e” for “h”) 

The rule of terms matched is as follows: 
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According to the rule, content similiarity between “French 
wine brand” and “France wine prices” is 0.5 as follows: 

5.0
233

2)',( =
−+

=qqSimcontext
 

2) Semantic Similarity: In the calculation of query similar-
ity, we found that two queries may also belong to the same 
search goal due to similar semantic relatedness even if the 
text content of them is completely different. For example, the 
following two queries: 

q: flesh flower 

q’: red rose 

The query q and query q’ share the semantics of the “flower”, 
“plant” and so on.  So we need to measure the semantic re-
latedness between the two queries.  

For the semantic relatedness between two terms, humans 
are very easy to judge by their experience and knowledge. 
But for the computer it is a very difficult thing. In order to 
realize the computer intelligence calculation of semantic 
similarity between terms, we must let the computer have 
relevant semantic knowledge. Usually, this semantic 
knowledge comes from large corpus (e.g., WordNet, Wik-
ipedia, etc.). 

At present, there are two main ways to use semantic 
knowledge to measure the semantic relatedness between 
terms. One is based on the path of the calculation method. 
The method builds a knowledge graph with all the semantic 
knowledge, and then calculates the length of the path be-
tween the different nodes to measure the semantic similarity 
between the terms [24]. The other is based on the word vec-
tor calculation method. This method is to represent each 
word in a collection as a point in a space (a vector in a vector 
space). Points that are close together in this space are seman-
tically similar and points that are far apart are semantically 
distant [25]. Following the latter approach, we used a recent-
ly popular and fast tool called word2vec [26] to generate 
word embeddings (word vectors in a vector space with 
much lower dimension) from a big corpus.  

Word2vec is a group of related models that are used to 
produce word embeddings. It takes as its input a large cor-
pus of text and produces a vector space, typically of several 
hundred dimensions, with each unique word in the corpus 
being assigned a corresponding vector in the space [26].  

We trained word2vec on the Wikipedia documents, with 
1897 million words, using the default parameters (CBOW 
model with window size as five). For each word, we finally 
obtained a 200 dimensional vector, as follows: 

),...,()( 20021 == ni wwwtV


  
For example, the previously mentioned “flower”, “rose” 
can be expressed by the following word embedding: 

]… 0.912,- 0.353, 0.289,- 0.213, 0.817,[)(
]… 0.542,- 0.109, 0.107,- 0.177,- 0.792,[)(

=

=

roseV
flowerV




 

The semantic similarity between two terms is calculated by 
the cosine of the angle between the vectors as follows. 

)()(

)()(
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ttSim 
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×
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                                                (4) 

Finally, we used the following steps to compute the semantic 
similarity between queries based on the term-term semantic 
similarity:  

Step 1: we constructed a semantic vector space with all the 
terms without duplication in queries q and q’. As in the ex-
ample above, q: “flesh flower” and q’: “red rose”, there are 4 
terms without duplication in q and q’, the semantic vector 
space is constructed as follows: 

}"","","","{" roseredflowerfleshT =  
Step 2: To generate a vector for each query, such as

),...,,()( 421 == nwwwqV


, we compared each term in T with 
that in the query. If the term ti belongs to the query q, the 
weight value wi is 1. 

For example: q is “flesh flower” and t2 is “flower”, then 
w2 is 1. 

If the term ti does not belong to a query q, we calculated 
the semantic similarity between the term ti and each term in 
the query q with formula (4). And then we computed the 
weight value wi as follows: 



 >

=
otherwise

thresholdSimifSim
wi 0

maxmax                                      (5) 

Finally, we obtained the semantic-based vetor for each query, 
such as 

]1 1, , 0,0.59[]rose"" ,red"" , flower"",flesh""[)'(
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==

==

qV
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Step 3: we computed the semantic similarity between que-
ries as follows: 

)'()(
)'()()',(

qVqV
qVqVqqSimsemantic 



×

×
=                                          (6) 

3) Feature validity verification: In order to verify that 
query similarity can be used to distinguish between the 
search goal shift query pair and the normal query pair, we 
use the above two metrics to calculate the similarity between 
queries in each query pair in our dataset. 

)',()1()',()',( qqSimqqSimqqSim semanticcontext ×−+×= αα            (7) 
And then based on the query on the different positions in 

the session, we compared search goal shift query pairs with 
normal query pairs on the average query similarity. The 
comparison results are shown in Fig. 6. 

 
Fig. 6. Comparison result of query similarity  

Fig. 6 shows that the average query similarity in the search 
goal shift query pairs is lower than the average query simi-
larity for the normal query pair. Since the scale of the sample 
data is much smaller than the scale of the real dataset, we 
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performed a two-tailed T-test test in order to make sure the 
same result in the real dataset. The test results show that all 
differences reported in Fig. 6 are statically significant at the 
0.05 level.  This confirms that the query similarity can be 
used to distinguish between the search goal shift query pair 
and the normal query pair. 

5.1.2 Topic similiarity 
According to the previous definitions, if the search goal shift 
occurs between two queries q, q’, the topical relationship 
between q and q’ is just topically-coherent rather than topi-
cally-consistent. Thus we guessed that the topic similarity 
between queries in the search goal shift query pair is lower 
than the topical similarity between queries in the normal 
query pair. To verify this, we need to measure the topic simi-
larity between q and q’.  

To compute the topical similarity between two queries, we 
began by calculating the lower-level topic similarity and the 
higher-level topic similarity. 

1) Lower-level topic similarity: According to the defini-
tion of lower-level topic, the lower-level topic represents 
common co-occurence patterns (correlations) between 
words in sentences. Thus we have access to all documents 
clicked by the user during the search session in our dataset. 
And then we computed the lower-level topic similatiry be-
tween two queries based on the term-term co-occurrence 
information in the sentences. To obtain the term-term co-
occurrence information, we used the Normalized Pointwise 
Mutual Information. Pointwise mutual information (PMI) is 
a measure of how much the actual probability of a particular 
co-occurrence of events p(x, y) differs from what we would 
expect it to be on the basis of the probabilities of the individ-
ual events and the assumption of independence p(x)p(y) [27]. 
PMI for two terms is computed as follows: 

)()(
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ln),(
ji

ji
ji tPtP

ttP
ttPMI

×
=                                                           (8) 

where 
S

stP t=)( , 
S

s
ttP ji tt

ji
,),( = , S is the number of all 

sentences in the dataset, ts  is the number of sentences con-

taining the word t in the dataset, 
ji tts ,  is the number of sen-

tences containing both the word ti and word tj in the dataset. 
In addition, since PMI can take arbitrary positive or nega-

tive values, we normalized it into NPMI as follows: 
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Finally, the lower-level topic similarity between queries is 
computed as follows: 
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2) Higher-level topic similarity: According to the defini-
tion of the higher-level topic, the higher-level represents 
common co-occurence patterns (correlations) between 
lower-level topics in documents. So the higher-level topic 
similarity calculation method is same as the lower-level topic 

similarity calculation method except for the computing for 
)(tP  and ),( ji ttP . 

In the higher-level topic similarity calculation method, 
)(tP and ),( ji ttP are computed as follows:  

D
dtP t=)( , 

D
d

ttP ji tt
ji

,),( =  , D is the number of all docu-

ments in the dataset, td  is the number of documents contain-
ing word t in the dataset, 

ji ttd ,  is the number of documents  

in which the word ti and the word tj are in the same sentence. 
3) Feature Valid confirmation: In order to verify that the 

query topic similarity can be used to distinguish between the 
search goal shift query pair and the normal query pair, we 
use the above two metrics to calculate the topic similarity 
between queries in each query pair in our dataset. 

)',()1()',()',( qqSimqqSimqqSim topicHtopicL −− ×−+×= ββ            (11) 

And then based on the query on the different positions in 
the session, we compared search goal shift query pairs with 
normal query pairs on the average topic similarity. The 
comparison results are shown in Fig. 7. 

 
Fig. 7. Comparison result of topic similarity  

Fig. 7 shows that the average topic similarity in the search 
goal shift query pairs is lower than the average query simi-
larity for the normal query pair. All differences reported in 
Fig. 7 are statically significant at the 0.05 level according to a 
two-tailed t-test.  This confirms that the query topic similari-
ty can be used to distinguish between the search goal shift 
query pair and the normal query pair. 

5.1.3 Click ranking  
According to the definition of the search goal shift, the user 
lost the interests of the current search goal, which is the root 
cause of the search goal shift. And the rank of clicked URLS 
is an important indicator of whether users are satisfied 
with the current search goal [28]. Therefore we suspected 
that users tended to click on lowly ranked results during the 
search goal shift processes. To verify this, we extracted all 
clicks performed by the user during the search session in our 
dataset and filtered out all invalid clicks (click through less 
than 10 seconds), as well as clicks that lead to another search 
result page (e.g., related search). And then we computed the 
rank of clicked URLS for the first query of each query pair 
in our dataset as follows: 

click

n

i ii
url N

posRwqqRank
∑
= +×

= 1 2 )1(log
1

)',(                                  (12) 

where posi is the posion of the i-th clicked URL in the 
result. Nclick is the number of clicks. Rwi is a weight coeffi-
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cient. Since browsing time reflecs whether the user is sat-
isfied with the clicked document [29], we used browsing 
time to compute Rwi as follows: 

agv

i
i tbrs

tbrsRw
_
_

=                                                                     (13) 

Where brs_ti is the time spent by the user browsing the 
ith clicked document and brs_tagv is average browsing 
time in our dateset. The browsing time can be estimated 
from click logs by computing the time between the click 
and the next seen click or query on the search engine. 

Finally, based on the query on the different positions in 
the session, we compared search goal shift query pairs with 
normal query pairs on the average rank of clicked URLS. 
The comparison results are shown in Fig. 8. 

 
Fig. 8. Comparison result of rank of the clicks  

Fig. 8 shows the average rank of clicked URLS for search 
goal shift query pairs is less than the average rank of clicked 
URLS for normal query pairs. All differences reported in Fig. 
8 are statically significant at the 0.05 level according to a two-
tailed t-test. This confirms that the rank of clicked URLS can 
be used to distinguish between the search goal shift query 
pair and the normal query pair. 

5.2 Identification Algorithm 
In this section, we used the logistic regression algorithm to 
transform the identification of the search goal shift into the 
binary classification problem. 

The core idea of logistic regression algorithm is using 
sigmoid function to convert classification problem into a 
probability estimate. If a feature value is inputted into the 
sigmoid function and the calculated value is greater than a 
certain threshold, the query pair is search goal shift query 
pair. Otherwise less than or equal to the threshold, the que-
ry pair is a normal query pair. 

T (true) indicates that the goal shift query pair, F (false) 
indicates the normal query pair. The model target is to find 
the function f, 

},{: FTDf →                              (14) 
where D={x1, w1, xi, wi, …, xn, wn}, x  is the input feature 

values vector. w is the coefficients vector. The probability 
of search goal shift query pair is: 
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The function f is: 
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According to the derivation above, the process of get-
ting model (function f) is a finding process for best-fit pa-
rameters, which is the coefficient of each feature value. For 
parameter vector w, we use maximum likelihood estima-
tion algorithm to obtain. 
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According to (18), we can get the maximum likelihood 
function L (w | x, y) and the optimization function l (w). 
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Finally, we can use gradient descent optimization meth-
od to obtain update way of w: 

))((: yxwgxww T −⋅⋅+= α                         (20)  
Specific recognition algorithm as follows: 
Algorithm 1 ExIdentifyGSPair 
Input: rate, x, y    
// rate is learning rate 
// X   is feature value vector 
// Y   the artificial identification results 
Output: w 
// parameter vector 
1. w = initialize_value;   
2. For  every xi ∈X , yi ∈Y Do 
3.      

))exp(1(
)exp(

i

i
xw

xwp ⋅+
⋅=           

4.      If  p > threshold Then        
5.         Predict true; 
6.      Else 
7.         Predict false; 
8.      End If 
9.      If  yi == 1 Then    
// It indicates that the current query pair is  
// the goal shift query pair 
10.        ratexpww i ⋅⋅−+= )1(  
11.      Else 
12.        ratexpww i ⋅⋅−=   
13.      End If 
14. End For 

6 THE SEARCH GOAL SHIFT GRAPH 
The search goal shift graph is a directed graph Ggs = (V, E, 
w) where: 

1. The set of nodes is V=Q, Q is a distinct set of 
search goals; 

2. VVE ×⊆  is the set of directed edges; 
3. ]1,0(: →Ew  is a weighting function that assigns 

to every pair of search goals Egg ∈}',{  a weight 
)',( ggW .  

6.1 Building the Search Goal Shift Graph 
1) Adding node: As shown in Fig. 9, we used the search 

0.2 

0.3 

0.4 

0.5 

0.6 

0.7 

Q1-Q2 Q2-Q3 Q3-Q4 Q4-Q5 Q5-Q6 Av
g.

 ra
nk

 o
f t

he
 cl

ic
ke

d 
U

RL
 

query pairs position in the session 

search 
goal shift 
query 
pairs 

Normal 
query 
pairs 

 



1041-4347 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more
information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TKDE.2018.2815544, IEEE Transactions on Knowledge and Data Engineering

8 IEEE TRANSACTIONS ON JOURNAL NAME,  MANUSCRIPT ID 

goal shift identification method designed in section 5 to ex-
tract all search goal shift query pairs from search engine logs. 
And then we used the query similarity function designed in 
section 5.1.1 to group all queries pertaining to the same 
search goal together, such as query “Fresh follower” and 
query “Red rose”.  They were assigned to the same group 
due to belonging to the same search goal (“Flower” node). 

Red rose French wine
Sparkling wine  Arts and crafts

AmazonChinese tea
Chinese tea setPaper-cuts

Fresh flower Ebuy same goal 
identification

Search goal shift query pair set

}
}

 Arts and crafts
Paper-cuts } Arts and crofts

Chinese tea set
Chinese tea Chinese tea}

Fresh flower
Red rose

Sparkling wine
French wine

Flower

Wine

Ebuy
Amazon Online store}

Node set

…… ……

…… ……

 
Fig. 9. Construction of node set  

 

2) Adding edge: Given two search goals (query groups) 
g, g’, we tentatively connect them with an edge if there is at 
lest one search goal shift query pair between g and g’. As 
shown in Fig. 10, there is an edge between the “flower” 
node and the “wine” node because there is a search goal 
shift query pair {“Red rose” →”French wine”} between 
them.  

Flower

Chinese tea
Arts and crafts

Wine
Flower

Fresh flower
Red rose

Wine

French wine
Sparkling wine Online 

Store

Search goal
 shift check 

Node set Search goal shift graph

…… ……

…… ……

 

Fig. 10. Construction of edge set  

3) Computing edge wight: For two goals (nodes) Ni, Nj 
linked by an edge, the edge weight w(Ni, Nj) represents 
the strength of their association. 

To measure the association between pairs of search 
goals we used the Normalized Pointwise Mutual Infor-
mation described in section 5.1.2. 
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where 
Q

CqP iq
i =)( , 

Q
C

ttP ji qq
ji

,),( = , Q is the number of 

all queries in the dataset, 
iqC  is the number of query qi in 

the dataset, 
ji qqC ,
 is the number of search goal shift query 

pairs {qi→ qj} in the dataset. Specific recognition algo-
rithm as follows: 

Algorithm 2 ExBuildSGSGraph 
Input: P 
// P is the goal shift query pair set 
Output: V，E  
// V is the set of nodes    E is the set of edges 

1. A = getAllquerise(p);    
// put all queries submitted during search goal shifts in-
to a  
// query set A   
2. For  q ∈ A   Do    
3.        For   q’ ∈ A   Do     
4.          v =  new Node(q) 
5.          V.add(v)                 // add a new node    
6.         If  SameGoal(q, q’) Then   
7.              query_listv.add(q’) 
8.          End If 
9.      End For 
10. End For 
11. For   v ∈ V   Do 
12.     For   v’ ∈ V     Do 
13.        query_listv = getQueryList(v) 
14.        query_listv’ = getQueryList(v’) 
15. If  ExitSGS (P, query_listv, query_listv’) Then 
16.           ev,v’ = 1                // get a new edge 
17.           w(v,v’)=NMI(v,v’)   // set weight   
18.       End If 
19.     End For 
20. End For 

6.2 Query Recommendation Based on Search Goal 
Shift Graphs 

Given the nature of the task graph, we operated in the space 
of search queries and recommended queries for a given que-
ry. In this process, we adopted the personalized Pagerank 
random walk algorithm [30] to identify candidate recom-
mendations.  

PageRank is a link analysis algorithm and it assigns a 
numerical weighting to each element of a hyperlinked set of 
documents. Given a graph ),( EVG = where V is a set of 
nodes },...,,{ 21 nvvvV =  and E is a set of edges. A surfer 
starts from a random node iv  of V and at each step he/she 
follows a hyperlink with probability )1,0(∈c  or gets bored 
and jumps to a random node with probability c−1 . Pag-
eRank vector p  is computed as follows: 

rcApcp 
×+×−= )1(                                                  (22) 

where A is an adjacency matrix of the graph G with nor-
malized rows. If the random jump probability r is uniform, 

such as 11
×



= N

N
r , the algorithm is named as the global 

Pagerank algorithm. 
In contrast to the Global Pagerank algorithm, the existing 

Personalized Pagerank algorithms use the personalized 
jump probability vector r  to enter user preferences such as 
increasing the probability of jumping to the nodes most 
closely associated with the current query. For our method, 
we achieve full personalization by increasing the probability 
of jumping to the nodes most closely associated with all que-
ries submitted in the user’s whole search process.This ap-
proach may help to alleviate the data sparsity problem --the 
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current query may be rare, but among the previous queries 
there might be queries for which we have enough infor-
mation in the search goal shift graph. 

According to this idea, the random jump probability vec-
tor r is computed as follows: 





 ∈

=
otherwise

Uiif
Ur j

jji

0

1
                           (23) 

If all queries submitted by the user belong to the node set S, 
jU  is the set of nodes connected by the directed edges start-

ing from S. The recommendation algorithm as follows: 
Algorithm 3 ExRankQuery 

Input: A, c, r  
Output: p  
1.  p  = initialize_value   
2. rcApcx  ×+×−= )1(                 
3. For   1==1   Do    
4.      If  ε<− xp   Then       //ε  is infinitesimal 

5.         Return x  
6.      Else 
7.         p  = x  
8.        rcApcx  ×+×−= )1(  
9.      End If 
10. End For 
After calculating the rank value of all the nodes, we 

can rank them by descending order, and take the top k 
nodes as the recommendation result. If there are multiple 
queries in the recommendation node, we need to recom-
mend the most frequently occurred query in the query 
group. 

7 EXPERIMENT  
7.1 Experimental Data 
We choose search engine query logs of Sogou Company in 
June 2008 as base experimental data. The log data format is: 
access time \t user ID \t [search words] \t the URL's rank-
ing in returned results \t sequence number of use clicked\t 
URL user clicked. In the experimental data pre-processing 
stage, we used the approach designed in [21] to extract 5000 
exploratory search sessions from the search engine log, total-
ly 50,616 queries. 

7.2 Evaluation of the Identification Algorithm  
Ground Truth for test: We used the method of artificial 

identification to select 10000 query pairs from the 5000 
search sessions. The choice criterion is to extract two query 
pairs from each session, a search goal shift query pair and  a 
normal query pair. And then we randomly selected a certain 
number of query pairs, and used them to compose of a da-
taset for test. According to the observed result in section 3 
(Fig. 3), the proportion of search goal shift query pairs in the 
dataset is 52%, and these search goal shift query pairs were 
considered to be ground truth. For this proportion, the 
maximal number of query pairs in the dataset for test is 

limited to 9000 pairs. 
Baseline method: We compared logistic regression algo-

rithm adopted by us (LR) with the following two the-state-
of-art identification algorithms 
1) Support Vector Machine (polynomial kenel) [31]  
2)  Decision tree (C5.0) [32]. 

Evaluation Metrics:  
1) Precision: It indicates the proportion of the actual 

positive examples in positive examples set. 

%100×
+

=
FPTP

TPprecision                             (24) 

2) Error rate: It indicates the proportion of misclassified. 

%100×
+
+

=
NP
FNFPerror                              (25) 

3) Recall: It is a measure of coverage, metrics of how 
many positive cases in positive examples. 

%100×
+

=
FNTP

TPrecall                                   (26) 

Where TP represents the number of correctly classified 
as positive examples. FP represents the number of incor-
rectly classified as positive examples. TN indicates the 
number is correctly classified as a negative example. FN 
represents the number of incorrectly classified as negative 
example.  

Experimental results and analysis:  

 

Fig. 11. Comparison result of precision. We split each set to 4/5 train-
ing and 1/5 testing 

 

Fig. 12. Comparison result of error rate. We split each set to 4/5 
training and 1/5 testing 

 

Fig. 13. Comparison result of recall. We split each set to 4/5 training 
and 1/5 testing 
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It can be seen from Fig. 11, Fig. 12 and Fig.13 that with the 
increase of training data, logistic regression algorithm can 
achieve higher accuracy and lower error. The highest accu-
racy reached 83.36%, the lowest error rate is only 17.89% and 
the highest recall reached 83.01%. In addition, according to 
the curves in Fig. 11, Fig. 12 and Fig.13 we can see that the 
difference between logistic regression algorithm and other 
two algorithms is small ini-tially, and becomes larger later. 
This is because not all the queries belong to the current 
search task in some exploratory search session. Sometimes 
users submitted some queries unrelated to the current search 
task. For example, in the “selecting the birthday gift” search 
task mentioned earlier, the following search process may 
appear.   
Q1: “fresh flowers” 
Q2: “Beijing weather” 
Q3: “rose” 
Q4: “France Red wine” 
Q5: “red wine prices” 
Q6: “red wine types” 

It is obvious that the query“Beijing weather” is  irrele-
vant to the “selecting the birthday gift” search task. Thus 
the query pair｛Q1“fresh flowers”,Q2“Beijing weather”｝
does not belong to the search goal shift query pairs. Then 
this query pair was marked as 0 (non-search goal shift query 
pair) in the training set. However the attribute values of this 
query pair are close to the attribute values of the search goal 
shift query pair rather than close to that of the normal query 
pair. Therefore, it belongs to noisy data for the classification 
algorithm and it leads to the different classification results of 
the three classification algorithms. The specific effects are as 
follows: 

The weight function of the logistic regression algorithm is：   
...)( 3322110 xxxXh θθθθ +++=  

Thus this algorithm belongs to a linear model in a broad 
sense. In contrast to logistic regression algorithm, the weight 
function of SVM (polynomial kernel) algorithm is: 

...)( 2
2625

3
14213

2
12110 xxxxxxxXh θθθθθθθ ++++++= , so this 

algorithm belongs to a nonlinear model in a broad sense. 
When the training data is linearly inseparable, the SVM 

algorithm (polynomial kernel) is superior to the logistic re-
gression classification algorithm. However when the linearly 
separable data are transformed into linearly inseparable data 
due to the noisy data, for the SVM (polynomial kernel) algo-
rithm, there will be a lot of over-fitting for noisy data (over-
considering the effects of some data). The over-fitting greatly 
increases the effects of noisy data on the classification results, 
and then reduces the accuracy of classification, the higher 
the degree of polynomial, the more over-fitting. For logistic 
regression algorithm, the emergence of a large number of 
noisy data will cause the under-fitting. (It doest not consider 
the effects of some data). In contrast to the over-fitting, the 
under-fitting reduces the effects of noisy data on classifica-
tion results. 

In addition, for the decision tree classification algorithm, 
the accuracy of classification relies heavily on the pruning. 
Once the noisy data as a decision node will greatly reduce 
the accuracy of the classification results and the probability 
of this problem increases as the depth of the decision tree 

increases. 
According to the above analysis and test results, logistic 

regression algorithm is more suitable for this problem. 

7.3 Evalution of recommendation method  
In order to ensure the accuracy and objectivity of the evalua-
tion results, we have evaluted our recommendation method 
from two aspects, the recommendation results and the user 
experiences. 

7.3.1 Comparison of the recommendation results 
Ground Truth for test: We retrieved the 5,000 search goal 

shift query pairs from section 7.2, and selected the first query 
in each query pair (the user first submitted) and counted the 
number of occurrences. And then we selected the top 1000 
queries as the test set, and finally collected the ground truth 
data for each selected query. Given a query q, we extracted 
all queries q’ (q and q’ are composed of a search goal shift 
query pair) from the 5000 search goal shift query pairs ob-
tained in section 7.2 and taked them as ground truth data of 
q, such as }',...,','{)( 21 nqqqqGT = . 

Baseline method: We compared our design recommenda-
tion method (GSES) with the following two methods that 
also support exploratory search based on query recommen-
dation (mentioned in section 2.2). 
1) Topic-Oriented Exploratory Search (TOES): TOES is a 

query recommdation method based on the topic se-
mantic association graph. The topic semantic associa-
tion graph has been built by hyperlinks on the Inter-
net [14]. 

2) Exploratory Search Based on Search Task (STES). 
STES is a query recommdation method based on the 
task graph. The task graph is built by different search 
tasks that have been identified based on entities and 
syntactic structure pattens of queries from user logs 
[13]. 

Evaluation Metrics:   
1) Accuracy: We used a well-known metrics: Normal-

ized Discount Cumulative Gain (NDCG) [33] to 
measure the accuracy. In our work, the NDCG is cal-
culated as: 

)(
)1log(

12
)(@ 1

qIDCG
i

qNNDCG

n

i
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=

+
−

=                                (27) 

where the Ideal DCG (IDCG) is calculated from the 
training set itself, and the reli is the relevance score of 
the i-th query in the recommendation result. It can be 
computed based on a Google distance [34] as follows: 

C
NNN
NNN
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c

j jr
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ii∑
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where C is the number of queries in groud truth. N 
represents the total number of webpages indexed by 
Google. 

ir
N is the number of webpages matching the 

recommended query ri. jri
N ∧

is the number of 
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webpages matching both the recommended query ri 
and the j-th query in the ground truth. 

2) Novelty: The recommendation result is successful 
when recommended queries are relevant to search 
goal as well as they can show new information to us-
ers. Novelty is defined as a metric to measure the 
ability to explore new knowledge [14]. 

Assuming that a query k is one of the queries in the 
ground truth and a query r is one of the queries in the 
recommendation reuslt. The difference between them 
is computed as follows: 

k

kr

N
Nrk ¬∧=),(π                                                             (30) 

where krN ¬∧
is the number of webpages matching r 

but not k. Then, the novelty of the query q is comput-
ed as follows: 

MC

rk
qNovel

c

j

m

i
ij

×
=
∑∑ ),(

)(
π

                                                (31) 

where M is the number of queries in the recommen-
dation result. 

Experimental results and analysis:  

 
Fig. 14. Comparison result of NDCG@3  

 
Fig. 15. Comparison result of NDCG@5 

 

Fig. 16. Comparison result of Novelty 

According to the comparison results in Fig. 14, Fig.15 and 
Fig. 16, our method can achieve higher accuracy and higher 
novelty than the other two methods. In addition, according 
to the accuracy curve and novelty curve it can be seen that 
our method from the beginning of the experiment to the end 
of the experiment has been relatively smooth. Unlike the 
other two methods are constantly fluctuating. This is be-
cause the other methods and our method all build a directed 
graph by query keywords, and then use the random walk 
algorithm to obtain the query recommendations in the graph, 
but the ways to add edges of the directed graph are different. 
In the TOES method we connect two nodes with an edge if 
there are one or more hyperlinks between the two webpage 
groups obtained by the keywords of the two nodes. In the 
SETS method we connect two nodes with an edge if the dif-
ferent queries between the two nodes belong to the same 
session. In our method we connect two nodes with an edge 
if there are one or more search goal shift query pairs be-
tween the two nodes. 

In contrast to the STES method and the TOES method, our 
method can be considered as a filter for the edge set built by 
the other two methods. Only the search goal shift edges have 
been retained, which ensures that rank values of nodes are 
only affected by the search goal shift edges. Therefore, the 
probability of the top-k nodes becoming new search goals is 
increased.  

When the filtered edges have little contribution to rank 
values of the top-k nodes, the recommended results provid-
ed by the other two methods are similar to ours. However, 
when the filtered edges have a greater contribution to the 
rank values of the top-k nodes, the recommended results 
provided by the other two methods are significantly worse 
than ours. The reason is that the recommended the top-k 
nodes are connected by too many non-search goal shift edg-
es, which means that walking to these nodes doesn’t need to 
change the current search goal and the probability of becom-
ing new search goals is lower. 

Therefore, when users are losing the interests of current 
search goal, our method always provides users with good 
recommendation results, while the recommended results of 
STES or TOES have large fluctuations.  

7.3.2 Comparison of the user experiences  
Experimental process: We recruited 120 students from 

our university to participate in this experiment. All partici-
pants were divided into three groups on average, and per-
formed the four exploratory search tasks designed in Section 
3. The first group adopted the TOES method to support the 
user's exploratory search, the second group adopted the 
STES method and the third group adopted the GSES method. 
In addition, in order to ensure that the participants’ own 
knowledge does not affect the exploratory nature of the 
tasks, we conducted a background survey of the participants 
to ensure that the participants were not experts or research-
ers in the topics of the search tasks. 

Baseline method:  
1) Topic-Oriented Exploratory Search (TOES)  
2) Exploratory Search Based on Search Task (STES)  

Evaluation Metrics:  
1) Recommendation utilization rate: It indicates the 
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proportion of recommended queries adopted by a 
user in a task. 

%100×=
Q

QUsage recommend                                                 (32) 

where Qrecommend represents the number of recom-
mended queries adoted by the user. Q represents the 
number of all queries submitted by a user in a task. 

2) Search time: It is the time spent by a user during the 
whole task. 

3) Rollback seach rate: It indicates the proportion of 
rollback queries in a task.  

%100×=
Q

QRoll rollback                                               (33) 

where Qrollback represents the number of rollback que-
ries.  

Rollback Seach: As the user is not familiar with the back-
ground knowledge of the search task, when the user is 
lossing the interests of the current search goal, they often can 
not find related and novel search goals. They had to re-
search with the previous query or even the initial query. For 
example, when a user performed the 4-th task, the search 
process is as follows: 

1:20:15 PM  query:  French students birthday gift  
1:20:55 PM  query:  French people like flowers 
1:20:58 PM  query:  French students birthday gift  

When the user took the “flower” as the current search goal, 
he/she did not find the final wanted information, and also 
did not find a new direction of exploration. The user had to 
fall back to the previous query "French students birthday 
gift" to refind a new direction of exploration, which means 
that a rollback search occurs. 

Experimental results and analysis:  

 

Fig. 17. Comparison result of utilization rate 

 
Fig. 18. Comparison result of search time 

 
Fig. 19. Comparison result of rollback search rate 

According to the comparison result in Fig. 17, the utilization 
rate of the method we designed is higher than the other two 
methods about 10%. This means that our method can better 
satisfy the user needs relative to the other two methods dur-
ing the search goal shift processes. According to the compar-
ison results shown in Figure 18 and Fig. 19, after using our 
method, the user's search time and the number of roallback 
search are less than the other two methods. This shows that 
users can effectively shorten the search time to improve 
search efficiency using our method. 

8 CONCLUSION  
In this paper, we studied the search goal shift which is one of 
the important behavioral characteristics of exploratory 
search, and designed a new query recommendation method 
based on the search goal shift to support exploratory search. 
The method uses machine learning to dig out all queries 
during search goal shift processes from search engine logs to 
build the search goal shift graph, and uses random walk 
algorithm to obtain query recommendations in the search 
goal shift graph. At the same time, we proved the effective-
ness of the recommendation method by the comparative 
experiments with other methods. 
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