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Abstract 
 

Automatic new topic identification is a key issue in transaction log analysis of Web search engines. This study 
proposes a goal programming model to automatically perform new topic identification in search engine transaction 
logs by using statistical characteristics of queries, such as time intervals and query reformulation patterns. Sample 
data log from the Excite search engine is selected, and then the goal program is used to identify topic changes in the 
data log. Our results show that, the goal programming approach overestimates the topic changes in the sample 
dataset compared to some other approaches of automatic new topic identification; however, doing so also 
significantly improves its performance in terms of the number of correctly estimated topic changes. Some 
performance measures yielded more satisfactory results than the ones in previous studies, showing that the goal 
programming approach could be a successful tool for automatic new topic identification. 
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1. Introduction  
Search engine transaction log analysis has been an important branch of information science for the last decade and a 
half. Previous studies [14, 19] have shown that users might be interested in multiple topics during a search session. 
With focus on the estimation of the topic changes in a search session, new topic identification is a sub-area of 
transaction log analysis, and an essential procedure in investigating user patterns of search engine transaction logs. 
 
In this study, a goal programming model to automatically identify topic changes in search engine transaction logs is 
proposed. This is a mathematical model that aims to obtain best results with respect to multiple objectives under 
some constraints. Artificial intelligence based and some statistical methods have been frequently used for transaction 
log analysis and automatic new topic identification previously; however, mathematical programming approach has 
not yet been considered for similar studies. Therefore, the research objective of this study is to investigate the 
performance of goal programming approach as an automatic new topic identification tool and also to introduce the 
use of mathematical programming based approaches to the information science literature. To establish these 
objectives, the transaction log queries are first categorized with respect to their statistical characteristics. Then, 
automatic new topic identification is performed using a goal programming formulation. A real search engine 
transaction log is used for the study. 
 
The organization of the paper is as follows: We initially present the literature review related to automatic new topic 
identification, followed by the description of the methodology. The results obtained are given in the following 
section, and we finally present the conclusion. 
 
2. Related Research  
A session is a sequence of queries issued by a user (or an application) to achieve a certain searching task [3]. 
Consequently, session identification is defining the boundaries of queries submitted by a single user. Time-out 
methods have been the most popular method for session identification [3]. In time-out methods, a session is accepted 
to end after a predefined time threshold is exceeded. Search engine researchers have also used cookies and IP 
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addresses, besides the time threshold, for user and session identification. In case of the use of common-access 
computers centers such as libraries and computer labs, a single IP address might not mean a single user, due to 
dynamic IP applications and use of search engines at these common places [4]. 
  
Query clustering is also relevant to the new topic identification problem, since it is the segmentation of queries into 
several topic clusters. It is applied to use search engine query logs including click-through data [1, 20]; an automatic 
classification methodology is developed to classify search queries into broad subject categories [17], and Support 
Vector Machines (SVMs) are used to classify queries in different groups [5,6]. More detailed literature review on 
query clustering and text categorization can be seen in [9]. 
 
Most query clustering methods are focused on interpretation of keywords or understanding the topic or the contents 
of the query, which significantly complicates the process of query clustering and increases the potential noise of the 
results of the study. Defining topic boundaries by relying on semantics of query terms are “dangerously circular” 
and conceal persistence of users’ long-term information needs [7]. Another obstacle about topic identification or 
context extraction of search engine transaction logs is that there are few keywords in each query; some of which 
could be meaningless or subject-specific words, such as model numbers of electronic devices [15]. It is difficult to 
extract context from only few keywords. On the other hand, the indications of the relation between statistical 
characteristics of queries and topic change were shown in [2,8,19]. 
 
Hence, using statistical characteristics of queries instead of their semantic properties is an alternative approach to 
use for new topic identification. In such an approach, queries can be categorized in different topic groups with 
respect to their statistical characteristics, such as the time intervals between subsequent queries or the reformulation 
of queries. To adapt such an approach our research team applied Dempster-Shafer Theory [18, 10, 12], neural 
networks [13, 11] and conditional probabilities [9]. In this study, we intend to improve the performance of automatic 
new topic identification using an alternative methodology; goal programming. 
 
Goal programming is a multi-criteria optimization method, and it aims to obtain the best solution by optimizing two 
or more objectives that might conflict with each other. The new topic identification problem can be formulated with 
conflicting objectives of precision (P) and recall (R), and solved to obtain the best possible values of these two 
conflicting objectives. Hence, to the best of our knowledge, this paper is the first study that introduces the usage of 
mathematical programming (more specifically, goal programming) for automatic new topic identification. 
 
3. Methodology 
 
3.1. Research design 
We use a dataset from Excite search engine’s transaction log. The Excite search engine (http://www.excite.com) 
provided a query log of 1.7 million for our analysis. All queries were submitted on May 4, 2001 to the Excite search 
engine. In the Excite data log structure, the entries are given in the order of arrival. Excite assigns a new user ID to 
every new user because it is possible to identify them through the IDs. In addition, each query is given a time stamps 
in hours, minutes and seconds. A sample of 10,256 queries was selected using Poisson sampling. 
 
The number of queries in the sample size was kept at that level since manual processing of the queries was also 
necessary for the performance analysis of our approach. The sample was selected using Poisson sampling [16] to 
provide a sample dataset that is both statistically representative of the entire data set and small enough to be 
conveniently analyzed. Poisson sampling provides a basis for sampling from large-scale data logs, such as the Excite 
search query log, while preserving the characteristics of the main dataset. 

 
3.2. Notation  
The following notation was used in this study: 

Topic shift: A change from one topic to another between queries within a single user session. 
Topic continuation: Staying on the same topic from one query to another within a single user session. 
Nshift : Number of queries labeled as topic shifts by our automatic new topic identification approach using goal 

programming. 
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Ncontin : Number of queries labeled as topic continuation by our automatic new topic identification approach 
using goal programming. 

Ntrueshift : Number of queries labeled as topic shifts by manual examination of the human expert. 
Ntruecontin : Number of queries labeled as topic continuation by manual examination of the human expert. 
Nshift& correct : Number of queries labeled as topic shifts by our automatic new topic identification approach using 

goal programming and by manual examination of the human expert. 
Ncontin&correct : Number of queries labeled as topic continuation by our automatic new topic identification 

approach using goal programming and by manual examination of human expert. 
Type A error: This error occurs when queries on same topics are considered as separate topic groups. 
Type B error: This error occurs when queries on different topics are grouped into a single topic group.  

 
We use the performance measures precision (P) and recall (R) which are commonly used in automatic new topic 
identification studies. The focus of precision and recall are both on correctly estimating the number of topic shifts 
and continuations. Interpreted in terms of topic shifts, as in Ozmutlu and Cavdur (2005b) and Ozmutlu et al. (2006), 
precision (Pshift) is the correctly estimated number of shifts by the automatic new topic identification approach 
among all the shifts marked by the automatic new topic identification approach (Eq.1). Recall (Rshift) is the correctly 
estimated number of shifts by the automatic new topic identification approach among all the shifts marked by the 
human expert (Eq.2). The third measure, Fβ_shift combines Pshift and Rshift to provide a single parameter to compare 
different results as used in previous studies. As shown in (Eq.3) β is chosen as 1.3 in this study to be consistent with 
the previous studies on automatic new topic identification. The formulations of these performance measures used in 
demonstrating the performance of the proposed automatic new topic identification approach are as follows: 
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3.3. Proposed Methodology 
In this study, we propose a goal programming formulation to be used in identifying topic changes in the Excite 
search engine query log. The general steps of our approach applied in this paper are explained next.  

 
3.3.1. Preprocessing of the transaction logs 
The transaction logs are preprocessed before using the automatic new topic identification approach. The 
preprocessing steps of the methodology are similar to those used in [9-12].  
 
Evaluation by human expert: The actual topic shifts and continuations in the approximately 10,000-query in Excite 
dataset is identified and marked by a team of human experts. This step is necessary for the performance analysis of 
our approach, i.e. how successful the proposed approach in determining topic shifts and continuations. 
 
Separating the data into two sets: The dataset is divided into two approximately equal sized sections. The first 
section of the dataset is used to determine the label (topic shift or continuation) of each query category using the 
goal programming model and the second section is used to test the performance of the approach. The two data 
sections do not contain the same number of queries to keep the entirety of the user session containing the median 
query. The size of the dataset is given in Table 1 [9-12]: 
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Table 1: Size of the dataset used in the study 
Search engine Excite 
Entire dataset 1,7 million 

Sample set 10,256 
1st half of the sample set 5128 queries 
2nd  half of the sample set  5128 queries  

 
Identification of search pattern and time interval of each query in the dataset: Each query in the dataset is 
categorized in terms of its search pattern and time interval. The classification of the search patterns is based on terms 
of the consecutive queries within a user session. The time interval is the difference of the arrival times of two 
consecutive queries. The categories of time intervals are determined with respect to the length of the difference of 
the arrival times of two consecutive queries. The categorization of time interval and search pattern remains similar 
to those of [9-12]. We use seven categories of search patterns in this study, which are as follows: 

• Unique (New): the second and first queries have no common terms. 
• Next Page (Browsing): the second query requests another set of results on the first query. 
• Generalization: all of the terms of second query are also included in the first query but the first query has 

some additional terms.  
• Specialization: all of the terms of the first query are also included in the second query but the second query 

has some additional terms. 
• Reformulation: some of the terms of the second query are also included in the first query but the first query 

has some other terms that are not included in the second query. This means that the user has added and 
deleted some terms of the first query. Also if the user enters the same terms of the first query in a different 
order, it is also considered as a reformulation. 

• Relevance feedback: the second query has zero terms (empty) and it is generated by the system when the 
user selects the choice of ‘‘related pages ’’. 

• Others: If the second query does not fit any of the above categories, it is labeled as other. Any non-empty 
query listed after an initial empty query, such as relevance feedback belongs to the ‘others’ category. Note 
that if this pattern observed on an intermediate query in a user session, this property does not hold. 
 
The search patterns are automatically identified by a computer program. The logic for the automatic search 

pattern identification and the distribution of the queries with respect to search pattern can be found in previous 
studies [9-12].  

 
The categories of time intervals are determined with respect to the length of the difference of the arrival 

times of two consecutive queries and are similar to those used in previous studies [9-12]. We use seven categories of 
time intervals for a query: 0-5 minutes, 5-10 minutes, 10-15 minutes, 15-20 minutes, 20-25 minutes, 25-30 minutes 
and 30+ minutes as seen in these studies [9-12].   
 
3.3.2. Session identification using goal programming  
The goal programming formulation: As explained in the previous subsection, there are two statistical characteristics 
of the transaction log queries; time interval and search pattern; each with seven levels. We propose a combination of 
these two statistical characteristics, which yields 49 categories of queries, and any query in the transaction log falls 
into one of these categories. For example: Time Interval 1 & Search Pattern 1; Time Interval 1 & Search Pattern 2; 
…; Time Interval 7 & Search Pattern 7. The objective is to decide whether a query that belongs to any one of these 
categories should be labeled as a topic shift or a continuation. Consequently, there are 49 binary decision variables. 
Each binary decision variable xij is given in Eq.4. Since the decision variable xij can be assigned values 
independently of each other, the mathematical formulation has no constraints except the ones with binary variable 
restrictions. 
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Previous studies [9-12] have shown that identifying shifts is more problematic compared to identifying 
continuations. Therefore, we chose to use Fß_shift as the objective function. Consequently, the objective of the 
methodology is to maximize Fβ-shift  (Eq. 5). 
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The upper bound for Fß_shift is 1, which can only be attained when both Pshift and Rshift are 1. On the other hand, 
increasing Pshift and Rshift are conflicting objectives. In order to increase Rshift, Nshift&correct should be increased. The 
algorithms used in previous studies [9-12] increased Nshift&correct by increasing Nshiftt. Unfortunately Nshift increases 
faster than Nshift&correct, thus increasing Type A errors even faster, resulting a decrease in Pshift. Therefore, there are 
two separate objective functions in the mathematical formulation, which requires multi-criteria decision making. 
Hence, the two conflicting objective functions are as follows: 

                                                                  Max G1 = Rshift  
                                                                  Max G2 = Pshift   (6) 

 
The ß value in the Fß_shift formulation is 1.3. This value gives more weight to the optimization of the Rshift value. 
Recalling that , Rshift  (Eq.7) is necessary to maximize Nshift&correct, since Ntrueshift is a given value for each dataset. 
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Consequently, G1 becomes:  
                                                                  Max G1 = Nshift&correct  (8) 

The second objective formulation is given in Eq.9. 
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Recall  Pshift  we see that Nshift&correct is both in the numerator and the denominator of the Pshift equation. It is necessary 
to minimize Nshift&incorrect to maximize Pshift. Consequently, G2 becomes: 

                                          Min G2 = Nshift&incorrect or Max G2 = − Nshift&incorrect   (10) 
The final goal programming formulation is as follows:  
Max G1 = Nshift&correct 
Max G2 = − Nshift&incorrect 
s.t.: 
xij = 0 or 1 (i = 1 ,…, 7, j = 1 ,…, 7)        
Using the non-preemptive goal programming approach, the objective function can be written as: 
Max z = Nshift&correct − α Nshift&incorrect 
s.t.: 
                                         xij = 0 or 1 (i = 1 ,…, 7, j = 1 ,…, 7)                           (11) 
 

Hence, by using the non-preemptive goal programming approach, the formulation has been reduced to a binary 
integer mathematical programming model. The objective of the model is to maximize the number of correctly 
assigned shifts. An important point here is to assign the correct α value which weighs the second objective showing 
the relative importance of it compared to the first one. We performed a set of preliminary studies to determine the 
correct α value to maximize Fß_shift, when ß equals to 1.3. Table 2 shows the values of Pshift, Rshift and Fß_shift for 
different values of α for the Excite dataset. As seen in Table 2, the highest Fß_shşft value has been attained when α  
equals to 0.25, 0.30 or 0.35. Therefore, we chose the median of these values (α = 0.30). 
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Table 2: Pshift, Rshift and Fß_shift for different values of α  
α Pshift Rshift Fß_shift 
0.05 0.371957 0.976982 0.608832 
0.10 0.371957 0.976982 0.608832 
0.15 0.371957 0.976982 0.608832 
0.20 0.392593 0.948849 0.621495 
0.25 0.394036 0.946292 0.622144 
0.30 0.394036 0.946292 0.622144 
0.35 0.394036 0.946292 0.622144 
0.40 0.540359 0.616368 0.585739 
0.45 0.540359 0.616368 0.585739 
0.50 0.540359 0.616368 0.585739 
0.55 0.591036 0.539642 0.557669 
0.60 0.591036 0.539642 0.557669 
0.75 0.604167 0.519182 0.547829 
1.00 0.604167 0.519182 0.547829 
1.25 0.630081 0.396419 0.459809 
1.50 0.630081 0.396419 0.459809 

 
The goal programming model is solved using the first half of the dataset where each one of the 49 query categories 
is labeled as either topic shifts or continuations to maximize the combined objective of two conflicting criteria. We 
used MS Excel to solve the goal programming formulation. Then, using the labels assigned in the training dataset, 
the queries in the test dataset are labeled as topic shifts and continuations, i.e., if a query category in the first half of 
a dataset is marked as a topic shift, then, it is also marked as a topic shift in the second half or vice versa. 
 
Comparison of the results from the human expert and automatic new topic identification approach: The results of 
the automatic new topic identification approach based on the goal programming formulation are compared to the 
actual topic identifications (topic continuations and shifts) determined by the human expert. Human judgment is the 
golden standard in information science and topic identification, and is therefore used to calculate the performance 
measures, such as precision (P) and recall (R). Correct and incorrect estimates of topic shifts and continuations are 
marked, and the other statistics given in section 3.2 are calculated and used in the evaluation of results. 
 
4. Results 
When the human expert evaluated the 10,256 Excite query dataset, 6,664 queries were included in the analysis 
(excluding the last query of each user session). The last query of each session cannot be included in the analysis 
since they have no subsequent queries to identify topic continuations or shifts. Out of 6,664 queries 6,001 topic 
continuations (90%) and 663 topic shifts (10%) were found. The results of the evaluation of the human expert can be 
seen in Table 3. In the subset used for solving the goal programming model (first half of the dataset – 5,128 queries), 
there were 1,858 user sessions. Thus, 3,270 queries of the first half of the dataset were used to solve the goal 
programming model to mark each query category in the first half as a topic continuation or shift. Out of 3,270 
queries, there were 2,879 topic continuations (88%) and 391 topic shifts (12%). In the second half of the dataset, 
5128 queries were considered in 1734 user sessions. Eliminating the last query of each session leaves 3,394 queries 
to be included in the analysis. Out of 3,394 queries, 3,122 (92%) were topic continuations, whereas 272 (8%) were 
topic shifts. 
 
After each query in the second half of the dataset is marked as a topic continuation or shift based on the solution of 
the goal programming model from the first half, the results in Table 4. For comparison, we also include the results of 
human evaluation on the second half of the dataset. We were obtained that the automatic new topic identification 
approach based on the goal programming model solution marked 2,447 queries as topic continuation, whereas the 
human expert identified 3,122 queries as topic continuation. Similarly, our approach marked 947 queries as topic 
shifts, whereas the human expert identified 272 queries as topic shifts. 
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Table 3: Topic shifts and continuations in the dataset as evaluated by human expert 
 Total 

number of 
queries 

Number of 
sessions 

No. of queries 
considered by the 

approach 

Total no. of shifts 
marked by the 
human expert 

Total no. of continuations 
marked by the human 

expert 
1st half of 
dataset  
used for 
training  

5128 1858 3270 391 2879 

2nd half of 
dataset  
used for 
testing 

5128 1734 3394 272 3122 

Entire 
Dataset 10256 3592 6664 663 6001 

 
Table 4: Topic shifts and continuations on the second half of the dataset 

Origin 
of 
results 

No. of 
queries 
in 
analysis 

No. of 
topic 
shifts 
Nshift 
 

No. of 
topic 
contins 
Ncontin 
 

Correctly 
Estimated 
number of 
shifts 
Nshift & correct 

Correctly 
estimated 
number of 
contins  
Ncontin & correct 

Type 
A 
error 

Type 
B 
error 

Pshift Rshift Fß(shift) 

Results 
from  
approach 

3394 
 

947 
 

2447 
 

263 
 

2438 
 

684 
 

9 
 

0.278 
 

0.967 
 

0.503 
 

Results 
from  
human  
expert 

 
3394 
 

Ntrue shift 
272 
 

 ----- ----- ---- ---- ---- ---- ---- 

 
An important result we observe in Table 4 is that, our approach identified all of the topic changes correctly except 9 
giving a Type B error value of 9, which yields an Rshift equals 0.967, a satisfactory result. In addition, 2,438 topic 
continuations out of 3,122 continuations were estimated correctly. These results denote a high level of estimation of 
topic shifts. On the other hand, the automatic new topic identification approach yielded 947 topic shifts when 
actually there are 272, giving a value of 0.278 for Pshift. The result shows that the new topic identification approach 
based on the solution of the goal programming model overestimates the number of topic shifts.  
 
5. Conclusion 
Content information of search engine user queries is an important dimension of user behavior analysis in 
information retrieval. This study proposes an automatic new topic identification approach based on a goal 
programming formulation to automatically identify topic changes in a user session by using statistical characteristics 
of queries, such as time intervals and query reformulation patterns. As a result, all the performance measures yielded 
satisfactory results, especially for topic continuations. Hence, we conclude that the goal programming approach can 
be successfully used in automatic new topic identification of search engine data logs, and we believe that it has a 
promising application potential in information science in general. Future work directions include testing the 
suggested automatic new topic identification with goal programming approach on other datasets, and integrating it 
into query clustering and recommendation algorithms for more effective information retrieval systems. 
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