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Abstract—The concept of behavior mining has been 

proposed some time ago. Instead of focusing on the data 

alone, behavior mining endorses the idea of exploring and 

mining the underlying natural, social and other kinds of 

behaviors which have produced the data, and discovering 

hidden interesting patterns behind these behaviors. 

Behavior mining for big data offers excellent opportunity 

for promoting critical thinking in data science education. 

In this paper we discuss the importance of behavior 

mining at the era of big data, describe implications of 

behavior mining for big data, and outline three case 

studies to illustrate its applications, and to show how 

behavior mining can promote critical thinking in data 

science education.  
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I. INTRODUCTION 

      The concept of behavior mining proposed some time ago 

[1], is aimed at a more in-depth understanding of what is 

behind the data, i.e., the behavior which has produced the 

data. Although behavior mining has not attracted a lot of 

attention, it makes strong sense at the era of big data. In fact, 

by offering an effective way to examine the data in a holistic 

and dynamic manner, behavior mining promotes critical 

thinking, and thus can play an important role in data science 

education. In this paper, we provide an overview on this 

perspective. Starting with a review of the basic concept of 

behavior mining (Section 2), we discuss the importance of 

behavior mining on big data (Section 3). Since the 

requirements of behavior mining could be quite demanding, a 

discussion follows suit on behavior mining of big data through 

critical thinking (Section 4). We also provide three case 

studies to illustrate applications of behavior mining of big data 

through critical thinking (Section 5). We conclude our paper 

in Section 6. 

 

II. FROM DATA MINING TO BEHAVIOR MINING 

As proposed quite a few years ago, in-depth data mining 

requires the move to behavior mining [1]. In fact, the term 

data mining is a misnomer, because this term suggests mine 

the data itself, which is apparently misleading. Data is just 

numerical numbers or character strings – if we don’t consider 

the underline meaning of the data. Instead of focusing on the 

data alone, behavior mining endorses the idea of exploring and 

mining the underlying natural, social and other kinds of 

behaviors which have produced the data, and discovering 

hidden interesting patterns behind these behaviors. Note that 

the word behavior as appeared in the term behavior mining 

has a broad-sense meaning: Although it may refer to human 

(individual or social) behavior, it may also refer to any 

phenomenon produced due to biological, social, physical, or 

any other processes. Therefore, behavior mining is devoted to 

the study of the very nature of things or events we are 

interested. An intuitive example is the famous Brownian 

motion, which is the random motion of particles suspended in 

a fluid resulting from their collision with the quick atoms or 

molecules in the gas or liquid. In the case of Brownian notion, 

if we limit our attention only to the surface data (i.e., the 

geographical locations of the particles) alone, then “mining” 

such kind of data is completely meaningless. Similarly, 

focusing on the given, static data alone may not be able to 

reveal the real hidden knowledge behind the data – unless the 

underlying processes which have produced the data are also 

considered together. This is the essence of behavior mining.  

III. BEHAVIOR MINING MEETS BIG DATA 

 

Although no standard definition yet, the term big data 

usually refers to data whose scale, diversity, and complexity 

require new architecture, techniques, algorithms, and analytics 

to manage it and extract value and hidden knowledge from it 

[4]. Big data is usually characterized by four V’s (volume, 

velocity, variety and veracity) [3]: 

 Volume: Not only can each data source contain a 

huge volume of data, but also the number of data 
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sources has grown to be in the millions. Even for a 

single domain, this number is now in the tens of 

thousands. This is much higher than the number of 

data sources considered in traditional data 

integration. 

 Velocity: Many of the data sources are very dynamic, 

and thers number of data sources is also exploding. 

 Variety: Data sources (even in the same domain) are 

extremely heterogeneous both at the schema level 

regarding how they structure their data and at the 

instance level regarding how they describe the same 

real world entity, exhibiting considerable variety 

even for substantially similar entities. 

 Veracity: Data sources (even in the same domain) are 

of widely differing qualities, with significant 

differences in the coverage, accuracy and timeliness 

of data provided.  

 Big data implies a dynamic, ever-changing 

environment, which always requires integration.  

Due to these unconventional features (comparing to those 

data handled by traditional database management systems or 

information retrieval systems), big data imposes huge 

challenges and offers tremendous opportunities as well.  By 

focusing on the underlying behavior of the data, behavior 

mining should play a critical role in analysis of big data. 

Big data makes behavior mining necessary, because when 

we analyze any form of big data, if we stay with the traditional 

practice of data mining, we will be drawn to huge numbers 

and character strings. Big data also makes behavior mining 

technically possible. This is due to the wide availability of 

data through the open environment, elasticity and dynamicity 

of the data, as well as many other factors. As such, the concept 

of behavior mining should be applied in computer science 

education, because it promotes critical thinking (to be 

elaborated a little later). 

There are profound implications of behavior mining for 

big data. Some quick examples are: 

(a) Identify (manually, semi-automatically, or 

automatically) and acquire additional data (beyond 

the given data) or other sources for analysis and 

mining. 

(b) Unlike traditional data mining which is usually 

treated as a standalone process, behavior mining can 

be naturally incorporated into many applications. 

This is because behavior mining sets the emphasis on 

the dynamic process of the behavior (i.e., the 

application itself), rather than the static resulting data 

produced by this process.  

Data science is the study of the generalizable extraction 

of knowledgeable from data. It incorporates varying elements 

and builds on techniques and theories from many fields. 

Although data Science is not only for big data, the fact that 

data is scaling up makes big data an important aspect of data 

science [9]. Since behavior mining endorses a holistic view of 

understanding big data by looking at the data from its origin, 

its progression, and its dynamicity, it acts as an appropriate 

discipline for studying data science. And this new discipline 

needs an effective way of carrying out all the needed tasks 

(such as identifying relevant resources, capturing dynamic 

aspects of various applications, etc.). Critical thinking is an 

important step to fill this gap. 

 

IV. BEHAVIOR MINING OF BIG DATA THROUGH CRITICAL 

THINKING 

As the study of clear and unclear thinking, critical 

thinking can be defined as the intellectually disciplined 

process of actively and skillfully conceptualizing, applying, 

analyzing, synthesizing, and/or evaluating information 

gathered from, or generated by, observation, experience, 

reflection, reasoning, or communication, as a guide to belief 

and action [10]. Critical thinking involves problem solving, 

decision making, metacognition (aka cognition about 

cognition), rationality, rational thinking, reasoning, knowledge, 

intelligence and also a moral component such as reflective 

thinking. Critical thinkers therefore need to have reached a 

level of maturity in their development, possess a certain 

attitude as well as a set of taught skills.  

Critical thinking offers an effective way of behavior 

mining for big data, because critical thinking calls for a 

number of abilities for managing, studying and understanding 

big data, which include: 

 Recognize problems, to find workable means for 

meeting those problems – Unlike “classical” data 

mining which only looks at the given static data, 

behavior mining requires us to study the data in its 

entirety, and in a progressive way (i.e., how data is 

produced and evolved). Therefore, behavior mining 

requires identifying the underlying problem beyond 

the given data. In other words, behavior mining is 

aimed not only at finding hidden knowledge patterns, 

but the hidden problem at the first stage. 

 Gather and marshal pertinent (relevant) information 

– in the case of behavior mining for big data, we have 

to gather additional data and information (along with 

other evidence) beyond the given data to solve the 

identified hidden problem (as discussed above). 

Ideally, this step is preferably automated, but usually 

requires human intervention, due to its complexity. 

That is an important aspect of critical thinking. 

 Interpret data and recognize the existence (or non-

existence) of logical relationships between 

propositions: Although various techniques of 

artificial intelligence (AI) and related field should be 

applied whenever possible, human cognition is 

required at first hand to the logistics behind 

complexity of real world phenomena, so that we will 

be able to understand the role of each piece of 

required data and how these pieces are interrelated to 

each other. 



As noted by researchers in critical thinking community, 

one of the Elements of Thought (which is a checklist for 

reasoning to improve their thinking in any discipline or 

subject area) [6] states that all reasoning is based on data, 

information, and evidence.  This implies the need of searching 

for information that opposes one’s position, as well as 

information that supports it. These elements require that we 

have to make sure that we have gathered sufficient 

information. There are also several universal intellectual 

standards involved in critical thinking for big data mining, 

including clarity, relevance, depth (which is concerned with 

how to address the complexities in the question) and breadth 

(which is concerned with alternative point of views). Put it all 

together, critical thinking offers useful hindsight and effective 

principles to face the challenges of volume, velocity, variety 

and veracity of big data, and should serve as foundation of 

today’s data science education. 

 

V. CASE STUDIES 

An examination of teaching and research of big data at 

upper undergraduate and graduate levels offered in our 

institution, and joint research conducted between our research 

lab with local business/ industry have revealed the potential of 

behavior mining in provoking critical thinking in data science 

education. Below are three case studies to show various 

aspects of conducting behavior mining through critical 

thinking. 

 

A. Case study 1: Keyword search for streamlining data  

Database keyword search has achieved much attention in 

the last two decades. Database keyword search not only 

relieves users’ burden of writing SQL queries, but also offers 

a unified approach of accessing different formats of textual 

data (structured, unstructured and semistructured data), as well 

as facilitates database exploration. Driven by behavior mining, 

we can conduct database keyword search from a unique 

perspective.  The motivation of the particular approach we 

have taken is based on the following important observation, 

namely, the complexity involved in generating operator trees 

or joint networks. A number of research papers on keyword 

search on data streams have offered various ways trying to 

tackle this issue, yet they still have to consider various 

operator trees or connected trees (e.g., [4,7]). In contrast to 

these approaches, we use an alternative way of database 

keyword search using critical thinking (through one of the 

universal intellectual standards mentioned above, namely, 

breadth): Instead of using individual keywords alone, we 

consider how to interpret users’ information needs behind 

individual keywords they have provided. We have built a 

prototype system which stays with the simplicity 

of keyword search, yet it can incorporate the contextual 

information provided in the user query [8]. Unlike other 

approaches of keyword search where users enter individual 

terms (i.e., keywords), we allow users enter simple English 

sentences. Instead of resorting on a full-fledged natural 

language processing to process these queries in English 

sentences, the unneeded words in the queries are discarded. 

Only the specific contextual information along with the 

keywords containing database contents will be used to 

construct SQL queries. The contextual information is used to 

interpret the meaning of the queries, including the semantics 

involving AND, OR and NOT. At the end of this process, a 

single SQL query will be generated. A sample expanded 

keyword query “List the customers living in Harrison or 

Stamford and having balance less than 500 dollars” in a 

banking database produced by our prototype system is shown 

in Fig. 1 (taken from [8]). 

 

Fig. 1. Screen shot for sample query  

 

 

Our original approach developed for static databases [8] is 

adopted to handle continuous streaming data which is captured 

within a time window. The window is maintained in a way so 

that oldest data is removed while new data is added. Since 

only one SQL query will be generated, result is generated in a 

real-time fashion. In addition, this approach has the potential 

of tracking the concept drift of data over time.  

 

B. Case study 2: Mining knowledge from clickstream data  

Clickstream data is an example of applications involving 

data streams. We have conducted a joint research with local 

industry on such data related to travel-related online activities. 

The travel advertising firm wants to focus on online users 

looking out for car rental, hotel booking, tourism etc. The 

objective of this project is to come up with a pool of 

promising users who have higher probability of clicking ads 

on their browsers, which may lead to a purchase. As a result, 

there is a need to analyze and predict travelers’ behaviors. The 

company can then popup more ads (impressions) on the 

browser of such cookie-ids, and gain profit from each user 

click. Each user or cookie-id, will be given a numerical score. 

The score indicates how likely a user is going to click the ads 

on his /her browser to make a purchase; in general, the higher 

the score, the more is the likeliness of that user to click the 

ads. By doing so, we can filter users as per their proclivity 

towards ads. This score also indicates how much money is 

worth investing on the user. The higher the score, more money 

can be invested on advertising such users since they have 

higher potential of clicking the ads. Main steps of this project 
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include using training data to build a classification model, 

using testing data to check the accuracy of the model, and 

applying the model to the actual data set. Typical 

classification algorithms such as Decision Tree and SVM 

regression have been used to implement our approach.  

        An interesting aspect of this project is that it illustrates 

the necessity of dynamic incorporation of additional data – as 

required by behavior mining and stimulated from critical 

thinking. For example, there is a need for handling airport 

information appropriately, because travel-related activities 

such car rental or hotel booking all depend on it. One may 

think this is just an issue related to geographical information, 

but actually it is much more than that. For example, consider 

the case of New York City area. There are three major airports 

in this area, and they belong to different states.  Other major 

cities in the other countries throughout the world such as 

London, Paris and Tokyo also have multiple airports, and each 

country is different from other countries. Even within the 

same country, NYC is very different from southern California 

(such as LAX and Burbank in Los Angeles area), and business 

rules related to hotel booking and car rental could be very 

different. How can we identify relevant resources and 

automatically incorporate them into dynamic clickstream data 

presents a major challenge. In addition, as the data size grows, 

the diversity of data also grows, which triggers the inclusion 

of even more data, such as economic development of various 

districts or counties, as well as censor’s data related to 

population, etc. A completely different direction of expansion 

is on the user’s side: whenever applicable, appropriate 

knowledge involving profiles of users can also be 

incorporated. This results in a big “closure,” or a data-

ecosystem which may reveal hidden knowledge involving 

various social-economic aspects behind clickstream data. As 

the result, more targeted ads can be produced. 

 

C. Case study 3: Recommender system 

Although behavior mining is intended to analyze all kinds 

of behaviors (thus is not restricted to narrow sense of 

behavior, such as customer behavior), the recent study of 

social behavior in social networks undoubtedly offers strong 

motivation in fueling this research. We have just conducted a 

study on recommender systems to predict the 'rating' or 

'preference' that user would give to an item based upon 

historical grading datasets. Existing approaches such as 

Singular Value Decomposition (SVD) has shown promising 

results. However, even with improvement made by SVD++, 

there are numerous ways to provide implicit feedback. 

Information gained by overlapping of communities with 

clusters is the motivation of our proposed method, which is 

resulted from our critical thinking (addressing the complexity 

of the question under investigation -- the depth of the 

Universal Intellectual Standard). Our work makes use of 

Louvain-method for identifying communities based on users’ 

association in the network; it also uses k-means to cluster 

users based on their preferences. Communities indirectly 

represent the friend circle for users, whereas clusters represent 

users having similar taste in the recommended items (such as 

movies). The results of the above two methods are combined 

to get user groups with finer granularity having similar 

profiles. The resulting model is referred to as difference-

matrix model, because it makes use of the proposed 

difference-matrix to associate a user’s community and cluster 

information [2]. A sample difference matrix for a movie 

recommender system is shown in Fig. 2. A comparative study 

of experiments involving our proposed model is shown is 

shown in Fig.3, where the X-axis is representing number of 

iterations used for parameter training, and the Y-axis 

represents root-mean-square deviation (RMSE) of the testing 

dataset. (Both Figures are taken from [2].) 

 

Fig. 2. A sample difference matrix 

                              Movies Difference to Movie 1 

                              1              2          3          4             5 
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Fig. 3. Result of a comparative study shows the effect of proposed 

Difference SVD model 

 

 

 

 

 

      

      

   

    

VI. CONCLUSION 

In this paper we reviewed the concept of behavior mining 

and discussed its implication with big data analysis. We have 

discussed how behavior mining can promote critical thinking 

in data science education. Case studies have also been 

provided to analyze the use of behavior mining for critical 

thinking in problem solving related to big data. Although 

behavior mining is particularly suitable for handling big data 

and conducting big data analysis, and critical thinking has 

shown impressive potential for conducting the research, the 

 train:test (7:3) 

50 features 

 
iterations 

train:test (7:3)     
100 features 



study is still at beginning stage. When we are facing any real 

world problem related to big data, we should purposely apply 

behavior mining at the very beginning of the problem solving 

process. A full range of research agenda for behavior mining 

in data science education is yet to be developed.  
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