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Abstract: 

Textual records made and conveyed on the Internet are regularly changing in different structures. The vast majority of existing works 

are committed to point demonstrating and the development of individual themes, while consecutive relations of subjects in 

progressive reports distributed by a particular client are overlooked. In this paper, so as to describe and recognize customi zed and 

strange practices of Internet clients, we propose Sequential Topic Patterns (STPs) and define the issue of mining User-mindful Rare 

Sequential Topic Patterns (URSTPs) in archive streams on the Internet. They are uncommon overall yet moderately v isit for par ticular 

clients, so can be connected in some genuine situations, for example, ongoing observing on anomalous client practices. We exh ibit a  

gathering of calculations to understand this imaginative mining issue through three stages: pre-processing to extricate probabilistic 

points and distinguish sessions for various clients, producing all the STP applicants with (expected) bolster values for every client by 

example development, and choosing URSTPs by making client mindful irregularity in vestigation on inferred STPs. Investigates both 

genuine (Twitter) and manufactured datasets demonstrate that our approach can to be sure find exceptional clients and interpretable 

URSTPs adequately and productively, which altogether mirror clients' attribu tes.  Textual file archives made and appropriated on the 

Internet are steadily changing in different structures. In this paper, with a specific end goal describe and distinguish cust omized and 

anomalous practices of Internet clients, we propose Sequential Topic Patterns (STPs) and plan the issue of mining User-mindful Rare 

Sequential Topic Patterns (URSTPs) in record streams on the Internet. They are uncommon all in all however generally v isit fo r 

particular clients, so can be connected in some genuine situations, for example, constant observing on strange client practices. We 

exhibit a  gathering of calculations to illuminate this inventive mining issue through three stages: preprocessing to ext ricat e 

probabilistic themes and distinguish sessions for various clients, producing all the STP competitors with (expected) bolster values for 

every client by example development, and choosing URSTPs by making client mindful irregularity investigation on inferred STPs . 

Probes both genuine (Twitter) and engineered datasets demonstrate that our approach can for sure find uncommon clients and 

interpretable URSTPs viably and productively, which essentially mirror clients ‘attributes . 
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I.INTRODUCTION 

 

Documents streams are made and dispersed in different shapes 

on the Internet, for example, news streams, messages, smaller 

scale blog articles, visiting messages; explore paper files, web 

gathering examinations, et cetera. The substances of these 

records for the most part focus  on a few particular subjects, 

which reflect disconnected get-togethers and clients' attributes, 

all th ings considered. To mine these snippets of data, a ton of in 

quires about of content mining concentrated on extricating 

subjects from archive accumulations and record streams through 

different probabilistic subject models, for example, established 

PLSI [26], LDA [34] and their augmentations [36], [35], [25], 

[23], [22], [17], [8], [7], [3], [2]. Explo iting these separated 

themes in report streams, the vast majority of existing works 

investigated the development of singular themes to identify and 

foresee get-togethers too as client practices [33], [30], [29], [18]. 

Be that as it may, few in quires about focused on the connections 

among various subjects showing up in progressive archives 

distributed by a particular client, so some covered up yet huge 

data to uncover customized practices has been disregarded. To 

describe client practices in distributed report streams, we 

consider on the relationships among subjects removed from these 

records, particularly the consecutive relations, and indicate them 

as Sequential Topic Patterns (STPs). Each of them records the 

total and rehashed conduct of a client when she is distributing a 

progression of archives, furthermore, are appropriate for 

deducing clients' natural attributes furthermore, mental status es. 

Initially, contrasted with singular themes, STPs catch both mixes 

and requests of themes, so can work well for as discriminative 

units of semantic relationship among reports in questionable 

circumstances. Second, contrasted with report based examples, 

theme based designs contain dynamic data of report substance 

furthermore, are hence valuable in grouping comparative 

archives and discovering a few regularities about Internet clients. 

Third, the probabilistic portrayals of points keeps up and amass 

the instability level of individual points, and can in this way 

achieve high certainty level in example coordinating for 

unverifiab le informat ion. For an archive stream, a few STPs may 

happen as often as possible what's more, along these lines reflect 

regular practices of included clients. Past that, there may at 

present exist some different examples which are 

comprehensively uncommon for the all-inclusive community, 

however happen moderately regularly for some particu lar client 
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or some particu lar gathering of clients. We call them User-

mindful Rare STPs (URSTPs). Analyzed to regular ones, finding 

them is particularly intriguing also, noteworthy. Hypothetically, 

it characterizes another sort of designs for uncommon occasion 

mining, which can portray customized and anomalous practices 

for uncommon clients. Basically, it can be connected in some 

genuine situations of client conduct investigation, as represented 

in the accompanying case. 

 

Real-time monitoring on abnormal user behaviors   

Recently, micro-b logs such as Twitter are attracting more and 

more attentions all over the world. Micro-blog messages are real-

time, spontaneous reports of what the users are feeling, thinking 

and doing, so reflect users’ characteristics and statuses. However, 

the real intentions of users for publishing these messages are 

hard to reveal directly from individual messages, but both 

content information and temporal relations of messages are 

required for analysis, especially for abnormal behaviors without 

prior knowledge. What’s more, if illegal behaviors are involved, 

detecting and monitoring them is particularly significant for 

social security surveillance .For example, the lottery fraud 

behaviors via Internet usually accord with the following four 

steps, which are embodied in the topics of published messages: 

(1) make award temptations; (2) diddle other users’ information; 

(3) obtain various fees by cheating; (4) take illegal intimidat ion if 

their requests are denied. STPs happen to be able to combine a 

series of inter-correlated messages, and can thus capture such 

behaviors and associated users. Furthermore, even if some illegal 

behaviors are emerg ing, and their sequential rules have not been 

explicit yet, we can still expose them by URSTPs, as long as they 

satisfy the properties of both global rareness and local 

frequentness. That can be regarded as important clues for 

suspicion and will t rigger targeted investigations. Therefore, 

mining URSTPs is a good means for real-time user behavior 

monitoring on the Internet. It is worth noting that the ideas above 

are also applicable for another type of document streams, called 

browsed document streams, where Internet users behave as 

readers of documents instead of authors. In this case, STPs can 

characterize complete browsing behaviors of readers, so 

compared to statistical methods, min ing URSTPs can better 

discover special interests and browsing habits of Internet users, 

and is thus capable to give effective and context-aware 

recommendation for them. While, this paper will concentrate on 

published document streams and leave the applications for 

recommendation to future work.  To solve this innovative and 

significant problem of mining URSTPs in document streams, 

many new technical challenges are raised and will be tackled in 

this paper. First, the input of the task is a textual stream, so 

existing techniques of sequential pattern min ing for probabilistic 

databases cannot be directly applied to solve this problem. A 

preprocessing phase is necessary and crucial to get abstract and 

probabilistic descriptions of documents by topic extract ion, and 

then to recognize complete and repeated activities of Internet 

users by session identification. Second, in view of the real-time 

requirements in many applications, both the accuracy and the 

efficiency of min ing algorithms are important and should be 

taken into account, especially for the probability computation 

process. Third, different from frequent patterns, the user aware 

rare pattern concerned here is a new concept and a formal 

criterion must be well defined, so that it can effectively 

characterize most of personalized and abnormal behaviors of 

Internet users, and can adapt to different application scenarios 

.And correspondingly, unsupervised mining algorithms for this 

kind of rare patterns need to be designed in a manner different 

from existing frequent pattern min ing algorithms. To sum up, 

this paper makes the following contributions: To the best of our 

knowledge, this is the first work that gives formal definitions of 

STPs as well as their rarity measures, and puts forward the 

problem of mining URSTPs in document streams, in order to 

characterize and detect personalized and abnormal behaviors of 

Internet users; We propose a framework to pragmatically solve 

this problem, and design corresponding algorithms to support it. 

At first, we give pre-processing procedures with heuristic 

methods for topic extraction and session identification. Then, 

borrowing the ideas of pattern growth in uncertain environment, 

two alternative algorithms are designed to discover all the STP 

candidates with support values for each user. That provides a 

trade-off between accuracy and efficiency. At last, we present a 

user-aware rarity analysis algorithm according to the formally 

defined criterion to pick out URSTPs and associated users. We 

validate our approach by conducting experiments on both real 

and synthetic data sets. The rest of the paper is organized as 

follows. Section 2 reviews related works including topic mining 

and sequential pattern mining for deterministic and uncertain 

data bases. In Section 3, we g ive the key definit ions related to 

STPs, and formulate the problem of min ing URSTPs in 

document streams. The processing framework, preprocessing 

algorithms and mining algorithms are presented in detail in 

Section 4. Section 5 shows the experimental results on real 

Twitter datasets, and leaves the synthetic results to Appendix. 

Section 6 concludes the paper and discusses future directions. 

 

II. BACKGROUND & RELATED WORK 

 

Point mining in archive accumulations has been broadly 

considered in the writ ing. Po int Detection and Following (TDT) 

errand [38], [32], [6] meant to distinguish and track themes 

(occasions) in news streams with grouping based systems on 

catchphrases. Considering the co-event of words and their 

semantic affiliations, a great deal of probabilistic generative 

models for separating subjects from arch ives were likewise 

proposed, for example, PLSI [26], LDA [34] fu rthermore, their 

expansions incorporating distinctive elements of archives [36], 

[22], [17], and models for short messages [25], [7], similar to 

Twitter-LDA [2]. In numerous genuine applications, record 

accumulat ions for the most part convey world ly data and can in 

this way be considered as report streams. Different element 

theme demonstrating techniques have been proposed to find 

themes after some time in report streams [35], [23], [8], [3], and 

after that to anticipate disconnected get-togethers [33], [30], [18].  

Nonetheless, these strategies were intended to develop the 

advancement model of person themes from a report stream, 

instead of to dissect the connections among different subjects 

removed from progressive reports for particu lar clients. 

Successive example min ing is a vital issue in information 

mining, and has likewise been very much concentrated up until 

now. In the setting of determin istic information, a complete 

overview can be found in [20], [16]. The idea bolster [16] is the 

most prominent measure for assessing the recurrence of a 

successive example, and is characterized as the number or extent 

of informat ion successions containing the example in the target 

database.  
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Many min ing calculations have been proposed in light of 

support, for example, Prefix Span [12], Free Span [28] and 

SPADE [5]. They found regular consecutive examples whose 

bolster qualities are not less than a client characterized limit, and 

were stretched out by SLP Miner [11] to manage length-

dimin ishing backing limitations. In any case, the acquired 

examples are most certainly not continually fascinating for our 

motivation, in light of the fact that those uncommon in any case, 

critical examples speaking to customized and anomalous 

practices are pruned because of low backings. Besides, the 

calculations on deterministic databases are not pertinent for 

record streams, as they neglected to handle the vulnerability in 

subjects. For dubious information, the greater part of existing 

works concentrated regular item set mining in probabilistic 

databases [40], [31], yet relatively less investigates tended to the 

issue of consecutive example mining. Muzammal et al. 

concentrated on grouping level vulnerability in successive 

databases, and proposed strategies to assess the recurrence of a 

successive design in light of expected support, in the edge of 

hopeful create and-test [13] or design development [15]. Since 

expected support would lose the likelihood dissemination of the 

support, a better measure recurrence likelihood was characterized 

for general item sets [37], [9], [4], and utilized as a part of 

mining visit successive examples for arrangement level and 

component level indeterminate databases [21], [14], [1]. 

Nonetheless, these works did not consider where the 

indeterminate databases originated from and how the 

probabilit ies in the first information are processed, so can't be 

specifically utilized for our issue which takes archive streams as 

informat ion. Besides, they likewise centered   around regular 

examples and therefore can't be used to find uncommon yet 

fascinating examples related with uncommon clients. 

 

III. TERMINOLOGIES  

 
Sequential Topic Patterns 

Sequential pattern min ing is a topic of data mining concerned 

with find ing statistically relevant patterns between data examples 

where the values are delivered in a sequence.
[1]

It is usually 

presumed that the values are discrete, and thus  time series mining 

is closely related, but usually considered a different activity. 

Sequential pattern mining is a special case of structured data 

mining. 
 

Document Streams  

A sort of major however vital relationships is the successive 

connection among points of these archives, which can be 

characterized by successive theme designs, what's more, 

shortened as STPs. They are reasonable to portray clients' entire 

and customized practices when distributing reports in a site.  
 

Sequential Topic Pattern 

A Sequential Topic Pattern (STP) a is defined as a topic 

sequence (a1; a2; . . . ; an),where each ai -> T is a learnt topic. n 

=A denotes the number of topics contained in a, and is called the 

length of a. A pattern with length n is called an n-STP. Since 

STPs reflect users’ characteristics which probably show repeated 

behaviors, their instances should be discovered not in the whole 

document stream involving different users and a long time 

period, but in some subsequences related to a specific user during 

a certain time period. Each of such subsequences, called a 

session of the document stream, consists of a series of possibly 

correlated messages posted by a user during a time period on 

some micro-b log sites or Internet forums. Hence, in order to find 

significant STPs, a document stream should be divided into 

independent sessions in advance with the definit ion below.  
 

IV. PROPOS ED S YS TEM 
 

User-Aware Rare Sequential Topic Patterns  

Most of existing works on sequential pattern mining focused on 

frequent patterns, but for STPs, many infrequent ones are also 

interesting and should be discovered. Specifically, when Internet 

users ’publish documents, the personalized behaviors 

characterized by STPs are generally not globally frequent but 

even rare, since they expose special and abnormal motivations of 

individual authors, as well as particular events having occurred to 

them in real life.  
 

Therefore, the S TPs we would like to mine for user behavior 

analysis on the Internet should be distinguishing features of 

involved users, and thus satisfy the following two conditions: 
 

1) They should be globally rare for all sessions involving all 

users of a document stream;  
 

2) They should be locally and relatively frequent for the sessions 

associated with a specific user.  
 

For determin istic successive example mining, the support of an 

example and is characterized as the number or extent of the 

successions containing an in the objective database[16], yet 

inapplicable for questionable groupings like subject level record 

streams.  

 
Figure.1 Architecture of URSTP 

https://en.wikipedia.org/wiki/Data_mining
https://en.wikipedia.org/wiki/Sequential_pattern_mining#cite_note-1
https://en.wikipedia.org/wiki/Time_series
https://en.wikipedia.org/wiki/Structured_data_mining
https://en.wikipedia.org/wiki/Structured_data_mining
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Rather, the normal support is proper to gauge the recurrence on 

questionable groupings [10], and can be registered by summing 

up the Event probabilities of an in all groupings [28]. In other 

words, it communicates the normal number of successions 

containing   quantify the recurrence of STPs, we change it a little 

to record the extent of sessions where happens likewise as far as 

desire, by means of separating the summation by the quantity of 

sessions as shown in Fig1. That is important in light of the fact 

that the session number here is no longer a consistent when we 

consider both the worldwide recurrence and the nearby 

recurrence of distinctive clients. For straight forwardness, this 

measure is still signified as support rather than anticipated 

support in this paper. 

 

V. ALGORITHM 

 

Parts of s peech tagging and chunking 

This paper describes our work on Part-of speech tagging (POS) 

and chunking for Indian Languages, for the SPSAL shared task 

contest. We use a Maximum Entropy (ME) based statistical 

model. The tagger makes use of morphological and contextual 

informat ion of words. Since only a small labeled train ing set is 

provided (approximately 21,000 words for all three languages), a 

ME based approach does not yield very good results. In this 

work, we have used morphological analyzers to improve the 

performance of the tagger as shown in Fig 2. The tagger uses 

variety of features, which works effectively not only for Bengali, 

but also for other Indian Languages such as Hindi and Telugu. 

The Chunker makes use of only language independent contextual 

informat ion. The work primarily focuses on the development of a 

Bengali POS tagger and Chunker. Further, we have transported 

the model for Hindi and Telugu to understand the relative 

performance of the statistical model.  The tagger has the overall 

accuracy on development data of about 88% for Bengali, and 

about 83% and 68% for Hindi and Telugu respectively. The best 

accuracy achieved for chunking by our method on the 

development data are 84.45%, 79.88% and 65.92% for Bengali, 

Hindi and Telugu respectively on per word basis.  

 
Figure. 2. User registration 

 

Key phrases and Aspect extraction. 

Many journals ask their authors to provide a list of keywords for 

their articles. We call these key phrases, rather than keywords, 

because they are often phrases of two or more words, rather than 

single words. We define a key phrase list as a short list of 

phrases (typically five to fifteen noun phrases) that capture the 

main topics discussed in a given document. This paper is 

concerned with the automatic extract ion of Key phrases from 

text. Key phrases are meant to serve multip le goals. For example, 

(1) when they are printed on the first page of a journal art icle, the 

goal is summarization. They enable the reader to quickly 

determine whether the given article is in the reader’s fields of 

interest. (2) When they are printed in the cumulative  index for a 

journal, the goal is indexing as shown in Fig 3. They enable the 

reader to quickly find a relevant article when the reader has a 

specific need. (3) When a search engine form has a field 

labeled keywords, the goal is to enable the reader to make the 

search more precise. A search for documents that match a given 

query term in the keyword field will yield a smaller, higher 

quality list of hits than a search for the same term in the full text 

of the documents. Key phrases can serve these diverse goals and 

others, because the goals share the requirement for a short list of 

phrases that captures the main topic of the document. 

 

Mining URSTP 

In this area, we propose a novel way to deal with mining 

URSTPs in report streams. The principle handling system for the 

undertaking is appeared in Fig. 2. It comprises of three stages. At 

to start with, literary archives are slithered from a few 

miniaturized scale blog locales or discussions, and constitute a 

report stream as the contribution of our approach. At that point, 

as preprocessing methods, the first stream is changed to a topic 

level record stream and after that separated into numerous 

sessions to recognize finish client practices. At long last and 

most crit ically, we find all the STP competitors in the document 

stream for all clients, and further choose noteworthy URSTPs 

related to particular clients by client mindful irregularity 

investigation. Keeping in mind the end goal to satisfy this errand, 

we outline a gathering of calculations. To bind together the 

documentations, numerous factors are meant and put away in the 

key-esteem shape. 
 

 
Figure. 3. Key phrases and aspect extraction 

 

Rare pattern domain analysis. 

Patterns have been used in software engineering to enable the 

reuse of successful solutions for recurrent problems in various 
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steps of the software development process. In the development of 

geographic information systems (GIS), usually only geographic 

data are reused. This paper shows the adequacy of deriving as 

well as applying analysis patterns in the conceptual data 

modeling process of geographic applications. By means of 

analysis patterns, already tested and validated solutions for 

recurrent problems can be reapplied to different GIS projects. 

The requirement of both suitable pattern definition formalism 

and a structure for a GIS pattern catalogue are also discussed. 

Finally, an example of an analysis pattern for the GIS domain is 

presented. Keywords and phrases: analysis patterns, conceptual 

data modeling, GIS applications. 

 

Data Preprocessing 

 

Topic Extraction 

In order to obtain a topic-level document stream, we at first 

employ the classical probabilistic topic models like LDA [7],[22] 

and Twitter-LDA [39] to get the topic proportion of each 

document and the word distribution of each learnt topic, with a 

predefined topic number K. For each document, the generated 

topic proportion may contain some topics with low probability. 

They cannot reflect the content of the document with high 

confidence, so can be excluded from the topic-level 

representation to reduce the complexity of later computations 

There are two main selection strategies as follows. The pseudo 

codes are omitted here due to the page limit.  

 

(1) Topic probability threshold. It selects all the probabilities 

more than or equal to a predefined threshold htp. Formally, fo r all 

i =1...,k’, pi≥  htpholds, and for all  z €T− {z1....,zk’},p(z/d) <htp 

 

(2) Probability summation threshold. After sorting the 

probability values of the K topics in the non-increasing order, it 

selects them according to the order as many as possible such that 

their summat ion is less than or equal to a predefined threshold 

hps. Formally, ∑
k’

i=1 pi≤  htp holds, and  for all z € T –

{z1 …..,zk’},∑
k’

i=1 pi +p(z/d) >htp 

 

 
STP Candidate Discovery By Pattern Growth 

The sub procedure of STP candidate discovery is executed in 

parallel fo r each user. It aims to find all STPs occurring in the 

document stream associated with a specific user, paired with the 

(expected) support values of these STPs. According to Equation 

(1), the key step is to compute Prða v siÞ, which is the 

probability that an STP a occurs in a session si belonging to the 

user. In this section, we at first present a DP-based algorithm to 

derive all STPs for the user and exactly compute the support 

values of them. Then, in order to improve the efficiency of our 

approach, we also give an approximation algorithm to estimate 

the support values for all STPs. Both algorithms are designed in 

the manner of pattern-growth. 

 

User-Aware Rarity Analysis 

After all the STP candidates for all users are discovered, we will 

make the user-aware rarity analysis to pick out URSTPs, which 

imply personalized, abnormal, and thus significant behaviors. It 

transforms the set of user-STP pairs into a set of user-URSTP 

pairs, with the set of user-session pairs and two thresholds, the 

scaled support threshold hss and the relative rarity threshold hrr, 

as input parameters. At first, we get the set F containing all the 

derived STPs for all users (line 2),and for each of them (denoted 

as a), compute the global support suppα as a weighted average of 

its local support for each user (lines 5-9), and normalize it to a 

scaled value scsuppα according to Equation (2) (line 10). If the 

STP is globally rare checked by the threshold hss, it will be 

recorded in a set ϕ≤ ϕ’(lines 11-12). After that, for each user u, 

we calcu late first the absolute rarity ARα for all of her STPs 

according to Equation (3) as well as the average value for the 

user (lines 15-19), and then the relative rarity RRα for those STPs 

globally rare and found for u according to Equation (4) (lines 20-

21). Next, the locally frequent STPs are selected by the threshold 

hrr, each of which forms an STP-RR pair for u (lines 22-23). At 

last, the set of these pairs together with the key value u is added 

to the set of user-URSTP pairs (line 24), which will be returned 

when all the users have been handled (line 25).  
 

VI. CONCLUS ION 
 

Mining URSTPs in distributed report streams on the Web is a 

critical and testing issue. It defines another sort of complex 

occasion designs in view of report  themes, and has wide 

potential application situations,  for example, continuous 

observing on strange practices of  Web clients. In this paper, a 

few new ideas and the mining issue are formally characterized, 

and a gathering of calculations are composed and joined to 

efficiently settle this issue. The examinations directed on both 

genuine (Twitter) and manufactured datasets show that the 

proposed approach is extremely viable and productive in finding 

extraordinary clients and intriguing and interpretable URSTPs 

from Internet archive streams, which can well catch clients' 

customized and anomalous practices and qualities.  As this paper 

advances a creative research course on Web information min ing, 

much work can be based on it in  what's to come. At to begin 

with, the issue and the approach can likewise be connected in 

different fields and situations. Particularly for perused record 

streams, we can respect perusers of reports as customized clients 

and make setting mindful suggestion for them. Additionally, we 

will refine the measures of client mindful irregularity to oblige 

diverse necessities, enhance the mining calcu lations for the most 

part on the level of parallelis m, what's more, study on-the-fly 

calculations going for continuous report streams. In addition, in 

view of STPs, we will attempt to characterize more perp lexing 

occasion examples, fo r example, forcing timing imperatives on 

consecutive points, and configuration relating proficient mining 

calculations. We are likewise intrigued by the double issue, i.e., 

finding STPs happening as often as possible in general, however 
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moderately uncommon for part icular clients. In addition, we will 

build up some functional apparatuses for real life undertakings of 

client conduct investigation on the Internet . 
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