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Abstract – The study aims at finding out the information about 

students by analyzing the Big Data collected from the mobile 

learning sources like iPads, phones, and computer labs. We look 

for patterns in data that show whether the students are making a 

good use of technology to boost their grades. The data that is 

collected is unstructured, which is classified using the Support 

Vector Machine (SVM) and Naïve Bayes algorithm and then a text 

analysis is done to find out the patterns and predict the results, R 

language is used for the all the tasks in data mining. The initial 

results are not efficient, so a new approach is introduced to classify 

the data. This approach is a combination of supervised and 

unsupervised machine learning algorithms.  

 
Index Terms – Big Data, Data mining, Mobile Learning, R 

language, Support Vector Machine (SVM), Unstructured Data. 

I. INTRODUCTION 

K-12 studies are becoming more technology oriented where 

students are given access to the internet through various 

platforms such as desktop computers, laptops, tablets and other 

mobile devices. A long list of benefits that this provides is that 

students are always connected to Internet, devices are 

interactive, spontaneous, private, portable, context aware, 

which increases students interest in study and also enables them 

to use the Internet to find answers [1]. But Internet has many 

disadvantages as well, so to help safeguard children connected 

to the Internet through school computers, the United States 

congress passed the Children’s Internet Protection Act (CIPA) 

in 2000. Under this law schools are required to use web filters 

to block inappropriate content to students. Now the students are 

not limited to school computer as school now provide students 

with iPads that are connected to the Internet as well. Even these 

iPads have web-filter installed to restrict students from visiting 

inappropriate sites. There is a vast amount of data being 

collected through these web filters. Currently, there is no data 

analysis being performed on this vast amount of data mentioned 

above. This is a big data problem with mostly unstructured data 

collected from students performing various searches on the 

Internet. This data holds the key to answering several questions:  

a. Can the searches performed by students be classified into 

two categories – schools related and non-school related? 

b. Is there a correlation between the total numbers of 

schoolwork related searches and non-school work related 

searches to student GPA? 

c. Based on the usage history of paid apps, can schools 

districts make better app investment decisions in the 

future? (For example, should the bottom 5, least used 

educational apps, be dropped from next year’s budget? 

What makes the top 5 most used educational apps unique 

and can similar apps be found to replace the least used 

apps?) 

The data from the web filters and the mobile learning sources 

is not enough for the data analysis. For correct results we need 

to get the students academic schedule from the school to look 

for the related queries at the correct time. Machine learning is 

very important for the correct prediction and this will happen 

over time, we will have to input initial conditions, which will 

enable the system to predict the result based on student’s online 

activities. This study is based on two things, data collected from 

the mobile learning and the text mining performed on data.  

II. IMPORTANT CONCEPTS 

A. Mobile Learning 

M-learning or Mobile learning is defined as learning across 

multiple contexts, through social and content interactions, 

using personal electronic devices. It is a form of distance 

education. M-learning technologies include handheld 

computers, MP3 players, notebooks, mobile phones and tablets. 

M-learning focuses on the mobility of the learner, interacting 

with portable technologies [2].  

M-learning is convenient as it is accessible from virtually 

anywhere. Sharing is almost instantaneous among everyone 

using the same content, which leads to the reception of instant 

feedback and tips. This is highly active process proven to 

increase exam scores from the fiftieth to the seventieth 

percentile, and cut the dropout rate in technical fields by 22 

percent. 

Mobile learning is the delivery of learning, education or 

learning support on mobile phones, PDAs or tablets. E-learning 

has provided the ability for traditional learning to break out of 

the classroom setting and for students to learn at home.  

Following are the value statements in favor of M-learning. It is 

important to bring new technology into the classroom. Devices 

used are more lightweight than books and PCs. Researchers and 

practitioners of mobile learning are engaged in pioneering 

experiments for transmitting the full content of higher learning 

to students by means of mobile cellular devices [3]. 

T-Pack Model -Technological Pedagogical Content 

Knowledge (TPACK) is a system to comprehend and depict the 

sorts of information required by an educator for powerful 
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pedagogical practice in an innovation upgraded learning 

environment. 

Effective technology integration for pedagogy around 

specific subject matter requires developing sensitivity to the 

dynamic, transactional relationship between all three 

components. A teacher capable of negotiating these 

relationships represents a form of expertise different from, and 

greater than, the knowledge of a disciplinary expert, a 

technology expert and a pedagogical expert. 

 

Fig. 1. TPACK Model [4] 

 

This system is spoken to in the chart. The TPACK model 

highlights that a thought for utilizing ICT as a part of 

classrooms must have sound educational modules fit and meet 

the pedagogical requirements for actualizing the thought. The 

crossing points of the circles are essential in the model and 

recommend pre-service educators need to portray what part of 

the model, any thought for utilizing ICT as a part of educational 

modules is tending to.  

B. Data Mining 

Data mining, which is also called as knowledge discovery in 

databases, in field of computer science, is the process of 

discovering interesting and useful patterns and relationships in 

large volumes of data. For example, Blockbuster Entertainment 

mines its video rental history database to recommend rentals to 

individual customers. American Express can suggest products 

to its cardholders based on analysis of their monthly 

expenditures [5]. 

Steps involved in data mining, 

1) Data Cleaning − in this step, the noise and inconsistent 

data is removed. It is the process of detecting and 

correcting (or removing) corrupt or inaccurate records 

from a record set, table, or database. Used mainly in 

databases, the term refers to identifying incomplete, 

incorrect, inaccurate, irrelevant, etc. parts of the data and 

then replacing, modifying, or deleting this dirty data or 

coarse data. Data cleansing may be performed interactively 

with data wrangling tools, or as batch processing through 

scripting. After cleansing, a data set will be consistent with 

other similar data sets in the system. The inconsistencies 

detected or removed may have been originally caused by 

user entry errors, by corruption in transmission or storage, 

or by different data dictionary definitions of similar entities 

in different stores. 

2) Data Integration − in this step, multiple data sources are 

combined. Data integration is the combination of technical 

and business processes used to combine data from 

disparate sources into meaningful and valuable 

information. A complete data integration solution delivers 

trusted data from a variety of sources. 

3) Data Selection − in this step, data relevant to the analysis 

task are retrieved from the database. It It is the process of 

selecting a subset of relevant features (variables, 

predictors) for use in model construction. Feature selection 

techniques are used for three reasons: simplification of 

models to make them easier to interpret by 

researchers/users, shorter training times, enhanced 

generalization by reducing overfitting. The central premise 

when using a feature selection technique is that the data 

contains many features that are either redundant or 

irrelevant, and can thus be removed without incurring 

much loss of information. Redundant or irrelevant features 

are two distinct notions, since one relevant feature may be 

redundant in the presence of another relevant feature with 

which it is strongly correlated. 

4) Data Transformation − in this step, data is transformed or 

consolidated into forms appropriate for mining by 

performing summary or aggregation operations. It is a 

process that converts a set of data values from the data 

format of a source data system into the data format of a 

destination data system. Data transformation can be 

divided into two steps: data mapping maps data elements 

from the source data system to the destination data system 

and captures any transformation that must occur, code 

generation that creates the actual transformation program. 

Data element to data element mapping is frequently 

complicated by complex transformations that require one-

to-many and many-to-one transformation rules. 

5) Data Mining − in this step, intelligent methods are applied 

in order to extract data patterns. Data mining involves six 

common classes of tasks: Anomaly detection 

(Outlier/change/deviation detection) – The identification 

of unusual data records, that might be interesting or data 

errors that require further investigation. Association rule 

learning (Dependency modelling) – Searches for 

relationships between variables. For example, a 

supermarket might gather data on customer purchasing 

habits. Using association rule learning, the supermarket 

can determine which products are frequently bought 

together and use this information for marketing purposes. 
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This is sometimes referred to as market basket analysis. 

Clustering – is the task of discovering groups and 

structures in the data that are in some way or another 

"similar", without using known structures in the data. 

Classification – is the task of generalizing known structure 

to apply to new data. For example, an e-mail program 

might attempt to classify an e-mail as "legitimate" or as 

"spam". Regression – attempts to find a function which 

models the data with the least error. Summarization – 

providing a more compact representation of the data set, 

including visualization and report generation. 

6) Pattern Evaluation − in this step, data patterns are 

evaluated. It is a process of interpreting mined patterns, 

possibly returning to any of steps 1 through 7 for further 

iteration. This step can also involve visualization of the 

extracted patterns and models or visualization of the data 

given the extracted models. 

7) Knowledge Presentation − in this step, knowledge is 

represented. This is the process of using the knowledge 

directly, incorporating the knowledge into another system 

for further action, or simply documenting it and reporting 

it to interested parties. This process also includes checking 

for and resolving potential conflicts with previously 

believed (or extracted) knowledge. 

The following diagram shows the process of knowledge 

discovery. 

Fig. 2. Data Mining Steps 

C. Text Mining 

Text mining is a minor departure from a field called data 

mining that tries to discover fascinating examples from 

extensive databases. Content mining, otherwise called 

Intelligent Text Investigation, Text Data Mining or 

Knowledge-Discovery in Content (KDT), alludes for the most 

part to the procedure of extricating fascinating and non-

inconsequential data and information from unstructured text. 

As most data (over 80%) is put away as content, text mining is 

accepted to have a high business potential worth. Learning 

might be found from numerous wellsprings of data, yet, 

unstructured writings remain the biggest promptly accessible 

wellspring of information.  

Text mining is like data mining, aside from that data mining 

instruments are intended to handle organized information from 

databases, however message mining can work with 

unstructured or semi-organized information sets, for example, 

messages, full-message archives and HTML records and so 

forth. Thus, message mining is a vastly improved answer for 

organizations.  The issue presented by content mining is self-

evident: regular dialect was produced for people to correspond 

with each other and to record data, and PCs are far from 

fathoming common dialect [6]. 

D. Mining Technologies 

1) Term Frequency – Inverse Document Frequency 
Typically, the TF-IDF is composed by two terms: TF- 

Term Frequency, which measures how frequently a term 

occurs in a document. Since every document is different in 

length, it is possible that a term would appear much more 

times in long documents than shorter ones. Thus, the term 

frequency is often divided by the document length. TF(t) = 

(Number of times term t appears in a document) / (Total 

number of terms in the document). Second term is IDF- 

Inverse Document Frequency, which measures how 

important a term is. While computing TF, all terms are 

considered equally important. However, it is known that 

certain terms, such as "is", "of", and "that", may appear a 

lot of times but have little importance. IDF(t) = log_e 

(Total number of documents / Number of documents with 

term t in it). 

2) Support Vector Machines 
Support Vector Machine (SVM) is based on a 

supervised learning method that is trained using machine 

learning and then used for classification and regression [7]. 

SVM is a training algorithm for learning classification and 

regression rules from data, for example the SVM can be 

used to learn polynomial, radial basis function (RBF) and 

multi-layer perceptron (MLP) classifiers. In this technique 

the system learns the relationship between predictor and 

target value by using an algorithm that works on pairs of 

predictor and target attribute value. SVM is a technique 

that creates a decision function from a set of training data. 

The training data consists of the data, which is already 

classified correctly [8]. The job of the classification 

function is to predict a categorical value for the target 

attribute. “Class” is an example of a categorical variable. 

“Yes” or “No” can be two values of the categorical 

variable. 

3) Naïve Bayes 
In machine learning, Naive Bayes classifiers are a 

family of simple probabilistic classifiers based on applying 

Bayes' theorem with strong independence assumptions 

between the features. Bayes' theorem gives the relationship 
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between the probabilities of two events and their 

conditional probabilities [8]. Naive Bayes classifiers are 

highly scalable, requiring a number of parameters linear in 

the number of variables (features/predictors) in a learning 

problem. Naive Bayes is a simple technique for 

constructing classifiers: models that assign class labels to 

problem instances, represented as vectors of feature 

values, where the class labels are drawn from some finite 

set. It is not a single algorithm for training such classifiers, 

but a family of algorithms based on a common principle: 

all naive Bayes classifiers assume that the value of a 

particular feature is independent of the value of any other 

feature, given the class variable. For example, a fruit may 

be considered to be an apple if it is red, round, and about 

10 cm in diameter. A naive Bayes classifier considers each 

of these features to contribute independently to the 

probability that this fruit is an apple, regardless of any 

possible correlations between the color, roundness and 

diameter features. 

4) Unsupervised Learning 
Unsupervised learning is a type of machine learning 

algorithm used to draw inferences from datasets consisting 

of input data without labeled responses. The most common 

unsupervised learning method is cluster analysis, which is 

used for exploratory data analysis to find hidden patterns 

or grouping in data. The clusters are modeled using a 

measure of similarity which is defined upon metrics such 

as Euclidean or probabilistic distance. Unsupervised 

learning methods are used in bioinformatics for sequence 

analysis and genetic clustering; in data mining for 

sequence and pattern mining; in medical imaging for 

image segmentation; and in computer vision for object 

recognition. Common clustering algorithms include: 
Hierarchical clustering builds a multilevel hierarchy of 

clusters by creating a cluster tree, k-Means clustering 

partitions data into k distinct clusters based on distance to 

the centroid of a cluster, Gaussian mixture models clusters 

as a mixture of multivariate normal density components, 

Self-organizing maps uses neural networks that learn the 

topology and distribution of the data, Hidden Markov 

models uses observed data to recover the sequence of 

states. 

III. LITERATURE REVIEW 

Text mining goes for mechanizing the procedure of 

removing what's more, ordering helpful data from literary 

information. To date, an assortment of text mining strategies 

has been created, for example, inactive semantic examination, 

probabilistic idle semantic examination, inactive Dirichlet 

allotment, and connected subject model. Two rubrics were 

produced to examine students composed reaction. One rubric 

concentrates on the quantity of verifiable partners perceived. 

The theoretical difficulty presents three unequivocal partners: 

the instructor, the chief, and students. Verifiable partners in this 

issue could incorporate folks, associates, school board, group, 

and calling. The more one can distinguish understood partners, 

the more probable the individual has instructor authority. The 

other rubric is utilized to decide the danger taking level of the 

activity one might want to participate in with 1 remaining for 

least hazard and 5 remaining for amazing danger. One 

conceivable activity of least hazard could be to comply with the 

primary's wishes. One conceivable activity of great danger 

could be to utilize the book in any case without the main's 

endorsement. It is contended that the ability to go out on a limb 

or leads likewise reflects one's initiative potential [9]. 

Liu et al. talk about the impacts of exploiting hierarchical 

structure for text grouping utilizing Support Vector Machines 

(SVMs) in view of a substantial scale scientific categorization, 

similar to the Yahoo! Catalogue. They presume that, while the 

various levelled approach results in tremendous velocity up of 

preparing and arrangement, the low quality of the order because 

of the skewed conveyance of the Yahoo! Registry and other 

huge scientific categorizations is not progressed by any means. 

This is reliable with our involvement in running substantial 

scale characterization applications in Boeing (with from 500 

classes to 60,000 classes). Peng et al. demonstrate that joining 

fleeting data into content characterization, either through a 

changed Naïve Bayes calculation or a Concealed Markov 

Model, can enhance the grouping of PC framework log records. 

Mullen et al. show some preparatory aftereffects of utilizing 

machine adapting (particularly text characterization) to 

recognize logical zones in a logical article. The motivation 

behind expository zone recognizable proof is to help with the 

translation of the aftereffects of data extraction, despite the fact 

that that is not the centre of the paper. They investigate Naïve 

Bayes and SVMs to perform the content characterization, be 

that as it may, notwithstanding lemmatized words and word bi-

grams, they likewise utilize syntactic parts got from a natural 

language processing parser. 

Popowich gives a diagram of a framework that uses a blend 

of natural language processing procedures and text mining to 

score protection claims on a few classes. He utilizes a 

measurable POS tagger, a fractional parser, shortening and 

acronym extension, named element extraction, the lexical 

assets of WordNet, and part determination to perform an 

underlying examination of text, with a scientific categorization 

of ideas and hand-manufactured principles to separate the ideas 

from the content, lastly a weighted mapping of the ideas into 

the protection classifications of hobby. Note that the extraction 

of ideas is much similar to data extraction and it is in the 

administration of text grouping. He reports high review and 

exactness for the framework, however can't contrast it with a 

more conventional text classifier that did not make utilization 

of as much natural language processing innovation [10]. 

A powerful way to deal with discovering interpretation 

counterparts of query terms and building multilingual 

vocabularies is through the mining of Web anchor texts and link 

structures. In spite of the fact that Web stay writings are wide-

perused hypertext assets, not each specific pair of dialects 

contains adequate stay writings for compelling extraction of 

interpretations for Web query. For more summed up 

applications, the methodology is composed taking into account 

a transitive translation model. The translation counterparts of a 
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query term can be separated by means of its translation in a 

halfway dialect. To lessen obstruction from translation 

mistakes, the methodology further coordinates a aggressive 

connecting calculation into the procedure of deciding the most 

plausible translation. A progression of tests has been directed, 

including execution tests on term translation extraction, cross-

dialect data recovery, and translation proposals for down to 

earth Web look administrations, separately. The trial results 

have demonstrated that the proposed methodology is 

compelling in removing translations of obscure inquiries, is 

anything but difficult to join with the probabilistic recovery 

model to enhance the cross-dialect recovery execution, and is 

extremely valuable when the considered dialect sets do not 

have an adequate number of grapple writings. In light of the 

methodology, a trial framework called LiveTrans has been 

created for English-Chinese cross-dialect Web search [11]. 

To the best of our insight, the work by Kang and Kim is the 

main distributed work on programmed identification of query 

objectives. In that paper they proposed to explore the event 

examples of query terms in Web pages keeping in mind the end 

goal to recognize the objective of an inquiry as either 

navigational then again instructive [12]. 

Specialists have exhibited that it is practical to enhance web 

crawlers' execution by applying extraordinary positioning 

systems for navigational and enlightening questions. In the 

studies, the analysts expect that the queries' objectives are as of 

now given. Our study can be helpful to this string of work by 

giving a programmed instrument to foresee the objective of a 

client. Our study is likewise identified with late research on 

breaking down clients' clicking conduct after they issue a Web 

inquiry. The principle center in these works is to recognize 

comparative Web inquiries in view of the closeness of client 

snap conduct for these inquiries.  Kraft and Zien have 

additionally examined grapple writings with the end goal of 

Web inquiry refinement. This work depends on the perception 

that Web inquiries and anchor writings are exceptionally 

comparable, and extra terms appearing in stay writings are great 

contender to attach to the first question and to make the inquiry 

more particular [13]. 

Lavrenko et al. (2002) presented a significance model in the 

target dialect to rank the reports for CLIR. Be that as it may, 

most ways to deal with CLIR perform inquiry translation taken 

after by monolingual IR. A characteristic thought is to join IR 

with existing MT frameworks (Fujii and Ishikawa 2001). In any 

case, MT frameworks require a mind boggling procedure to 

produce a syntactic translation, which is not completely abused 

by current IR models because of that queries are regularly short 

and without enough relevant data [14]. 

Word reference based translation approaches (Pirkola et al. 

2001) are proposed to streamline the translation process. 

Nonetheless, other than the issue of scope, they confront the 

issue of vagueness, i.e. determination of the most suitable 

translation in the given setting [15]. 

Corpus-based translation methodologies are proposed to 

cure the two noteworthy issues: interpretation disambiguation 

furthermore, OOV words. They utilized a factual model in view 

of a corpus, including parallel corpus (Nie et al. 1999; Resnik 

and Smith 2003), stay writings (Lu, Chien, and Lee 2001), 

equivalent corpus (Fung and Yee 1998), and mixed language 

pages (Huang, Zhang, & Vogel 2005) [16]. Nonetheless, these 

methodologies require slithering site pages. What's more, 

parallel corpora and grapple writings are very constrained. 

Utilizing tantamount corpora and blended dialect pages can't 

accomplish high translation quality because of absence of 

parallel relationship. What's more, (Can and Li 2002) looked 

the web for base thing phrase applicants and utilized an EM 

calculation to choose interpretations [17]. 

IV. METHODOLOGY 

For analyzing the student data, we will follow the text mining 

steps as explained above in the data mining section. In the first 

step we collect the data from the source, then we clean it by 

removing the unwanted information. After the useful data in 

left we transform into a model that is understood by the text 

mining functions. Now we will perform the test analysis on this 

data by using TF-IDF, supervised and unsupervised machine 

learning algorithms. Then we will discuss the results and 

introduce a better solution for text mining. The following 

sections will explain this process in more detail. 

A. Data Collection 

The data is collected from the web filters that are installed on 

devices in school district. This data contains 10,000 rows and 

14 columns viz. Suspicious, IP Address, User, User OU, User 

Groups, Computer, Device ID, Search Query, Category, 

Domain, Action, Rule Set, Origin, and Time. The data is also 

classified according to 4 Rule Sets for Staff, Student, Teacher, 

and Administration. We only need student data and the Search 

Queries, thus these fields are extracted into a separate file to 

perform further steps.  

The training data that was used for training the machine 

learning algorithms is downloaded from the Knowledge 

Discovery and Data Mining (KDD) 2005 competition website. 

This Dataset provides 800 manually categorized search queries 

into 67 different categories. We manually selected and 

classified these 67 categories into school based and non-school 

based classes and applied the same to the 800 categorized 

queries. Now we have 800 search queries that have been 

classified as school and non-school, which we will use to train 

our model. 

B. Data Cleaning  

The first step of most machine learning algorithms is to 

reduce the size of data by discarding irrelevant data [18]. In 

order to obtain all words that are used in a given text, a 

tokenization process is required, i.e. a text document is divided 

into a list of words by removing all punctuation marks and by 

replacing tabs and other non-text characters by single white 

spaces. This tokenized representation is then used for further 

processing [19].  

The goal of text preprocessing is to optimize the performance 

of the next step: data analysis. We removed all the punctuation 

marks from the data and replaced it with a space, we are 



D6-6 

replaced it with a space to maintain the words in the search 

query. Then duplicate search queries are removed, as we only 

need to classify the searches.  

The next step is to remove the stop words the data, stop 

words are the works like “is”, “of”, “the”, “a”, etc., which don’t 

have much meaning in data. We will use the Porter’s stemming 

algorithm to remove the stop words [20]. 

Some example of how data is cleaned are as follows. The 

query “japan+tsunami+wave” becomes “japan tsunami wave” 

after removing the “+” symbol from the query. The query “Jeff 

Merron. "iPod / iTunes." St. James Encyclopedia of Popular 

Culture. Detroit: Gale, 2015. U.S. History in Context. Web. 11 

Dec. 2015.” Becomes “Jeff Merron iPod iTunes James 

Encyclopedia Popular Culture Detroit Gale 2015 History 

Context Web 11 Dec 2015” after removing punctuations and 

other symbols and stop wards like “of”. Some queries contain 

unreadable character which have to be cleaned like the query 

“Ã¢Â€ÂœWhen war becomes literally...” becomes “When war 

becomes literally...” 

C. Data Modelling / Transformation 

This is the most diverse and crucial step of the five. Actual 

Text mining techniques are applied here, as this is where the 

actual information extraction happens. This step is very much 

dependent on the preprocessing and the data representation 

model that was chosen in preprocessing [21]. Data mining 

algorithms that we will use don’t work well with table format. 

To analyze this data, we converted the tabled data into vector 

matrix format, where the weight of the vectors is the distance 

between two words. This matrix is called a document term 

matrix which gives the frequency of terms that occur in a 

collection of documents. For supervised machine learning 

algorithms, we will have two sets of data, first is the training 

data which we used to train the system and the second is test 

data which is the student data. We transformed both datasets 

into matrix in this step. 

D. Data Mining 

Once we transformed the data into the required models, we 

performed the text analysis to find out the answers to the 

questions. The following sections explain each algorithm and 

its result in more details.   

1) Term Frequency - Inverse Document Frequency  
Term Frequency - Inverse Document Frequency (TF-

IDF) is one of the most basic text mining technique. It 

gives the frequency of a term (word) in the set of 

documents, in our case the documents are the queries and 

each word of a query is a term. The result of this technique 

gave the popular searches amongst students.  

The Fig. 3 show the top 10 searches performed by the 

students. From the Fig. 3 we can observe that the “ww1” 

was the most searched word. This is because the time when 

the data was collected, students were in the history class 

and studying about the World War.  

2) Support Vector Machine 

SVM algorithm was used to classify the student search 

queries into two categories, school related and non-school 

related. The system was first trained using the training data 

and then the trained model was used to predict the category 

of the queries. The result gave the predicted categories and 

the confidence level of these predictions. The results with 

confidence level of more than 80% are shown in Table I. 
Fig. 3. Top 10 Searches 

 

Fig. 4. Wordcloud 

 

3) Naïve Bayes 

We also used Naïve Bayes algorithm for classification 

of queries. An approach similar to SVM classification was 

followed here, by only changing the classification 

algorithm to Naïve Bayes and keeping the training data 

same. The results of the classification are show below in 

Table II.  

4) Result Comparison 

Looking at results of the SVM classification in Table 1 

we can see that the queries, “world war 1 plastic surgery”, 

“world history textbook”, “world war 2”, “university of 

virginia” have been correctly classified as school related 

queries. And the queries “the real slim shady lyrics”, 
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“scary movie trailers”, “silicone bulldog by ping lau”, 

“carmelo anthony no call three”, “suede brooks” have been 

correctly classified as non-school related queries. But the 

queries like “ww1 clothing”, “black ops 3 2x xp weekend 

gameplay” have been classified incorrectly as non-school 

related and school related respectively. There are many 

false positives in SVM classification. 

 
TABLE I 

SVM CLASSIFICATION RESULTS 

School Related Non-School Related 

world war 1 plastic surgery the real slim shady lyrics 

world history textbook scary movie trailers 

world war 2 ww1 clothing 

university of virginia silicone bulldog by ping lau 

mamaroneck high school carmelo anthony no call three 

dictionary suede brooks 

National Geographic Woolly 

Mammoth 
nfl head to head collisions 

13785 Research 

Boulevard  Austin  TX  Austin 
lisa manheim 

black ops 3 2x xp weekend 

gameplay 
over there song lyrics 

 
TABLE II 

NAÏVE BAYES CLASSIFICATION RESULTS 

School Related Non-School Related 

the real slim shady lyrics pro bowl voting 

scary movie trailers espn fantasy 

ww1 clothing roses chainsmokers lyrics 

silicone bulldog by ping lau emory university 

carmelo anthony no call three A Real Woolly Mammoth Face 

suede brooks pink lights 

nfl head to head collisions 
woman finds out her husband 

is her father 

lisa manheim miss allisa 

over there song lyrics 
National Geographic Woolly 

Mammoth 

 

From the results of the Naïve Bayes classification we 

can see that the all the queries that were classified as non-

school related in SVM classification Table 1 are classified 

as school related in Table 2. These are very bad results. 

After thorough comparison we can say that the SVM 

classification yielded better results than the Naïve Bayes 

classification. 

Even the SVM classification results were not as 

expected, as only 3% of the queries were classified with 

probability of more than 90%, even then the results had 

false positives. The reason for failure of both these 

algorithms is the training data that was used. The training 

data contained the queries searched by general people 

rather than students. Student queries are very different than 

what adults search on the Internet. As both the algorithms 

were trained for general queries, they failed to classify 

student queries correctly.  

5) New Strategy 

As both of the supervised machine learning algorithms 

failed to classify the queries efficiently, we thought of a 

new strategy to classify the data. This new strategy is a 

combination of supervised and unsupervised machine 

learning algorithms. In unsupervised machine learning 

algorithm, the system does not use any training data, rather 

it classifies using a specific function for each query. A new 

corpus was made for this approach, this corpus contains all 

the important words from the school curriculum.  
We can divide the process for this approach into two 

phases. In first phase we developed an unsupervised 

learning algorithm and used it to classify the queries and 

once we get a good quantity of correctly classified data, we 

proceed to the second phase. In second phase the classified 

data is used for training the SVM model which is then used 

to classify the queries. If a prediction for a query did not 

have a confidence level more than 95% then that query is 

classified using the method in first phase and its result was 

used for further training of the model.  
The first phase contains following steps: - 

a. Run the query on “Bing” search engine. 

b. Save the title and description of the top 3 search 

results. 

c. Combine the collected data into a single text file. 

d. Clean this file by removing the stop words and 

punctuation marks. 

e. Compare the cleaned data with the new corpus to find 

the word matches. 

f. If the number of word matches is more than 3 then the 

query is classified as school related, otherwise as non-

school related. 

The first step and second step of the first phase can be 

called as query enrichment. Web queries are short; it is 

difficult to understand user intent. One suggested method 

is to enrich the original query by rerunning the original 

search queries to get more information about the same 

query. Authors in [22] also suggest to expand the category 

meaning by using synonyms and tools such as WordNet. 

These strategies provide more context to the original 

queries performed by the user. Once the queries are rerun, 

three different features from the results page can be used 

to enrich the original web queries: title of the webpage, 

search engine snippet, and full text of the webpage. They 

define snippet as a short summary of the webpage where 

the original query words appear frequently. The full text is 

everything from the webpage minus its HTML tags. The 

full plain text is all the text in a page with the html tags 

removed. These features are combined together to create a 

bag-of-words. We have used a similar strategy but instead 

of extracting three features from the search results, we are 

extracting on the title and description. Once the query is 

enriched, all the new information mainly the enhanced list 

of words is matched with the corpus of school related 

words and the if the word matches is more than 3, the query 
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is classified as school related, if not, the query is non-

school related. 

These steps were followed to classify 1000 queries and 

these queries were used to train the SVM model. Then in 

the second phase this SVM model was used to predict the 

results for new queries. If the prediction had a confidence 

level of 95% and up, it was accepted otherwise the steps of 

first phase were followed to classify that query and the 

result was used to train the SVM model. 

E.  Result Communication 

The results of the unsupervised learning algorithm are shown 

in the following Table III.  

 
TABLE II 

NEW STRATEGY CLASSIFICATION RESULTS 

School Related Non-School Related 

world war 1 plastic surgery the real slim shady lyrics 

world history textbook scary movie trailers 

world war 2 
black ops 3 2x xp weekend 

gameplay 

university of virginia silicone bulldog by ping lau 

mamaroneck high school carmelo anthony no call three 

dictionary suede brooks 

National Geographic Woolly 

Mammoth 
nfl head to head collisions 

ww1 clothing 
13785 Research Boulevard 

Austin TX Austin 

emory university over there song lyrics 

 

The classification algorithm was only applied on the top 30 

queries from the SVM and Naïve Bayes classification results to 

check efficiency of the new system. And the system was able 

to classify all the queries correctly with no false positives and 

false negatives. 

V. FUTURE WORK 

Currently the new system is only used for classifying small 

number of queries. The next steps in the research are to use this 

system for a large number of queries and check the efficiency 

of the classification. Also to map the results to the students and 

then find the correlation between the searches and GPA of the 

student. This will help in finding whether the student is working 

towards getting good grades or bad. 

VI. CONCLUSION 

This papers aims at finding some useful insights into the 

learning behavior of the K-12 students by analyzing the 

searches done by the students. We have performed text analysis 

on this data to find the students behavior. The TF-IDF results 

show that the most popular word searches performed by 

students were related to history as they were being taught 

history lessons. Then we showed the results of supervised 

learning algorithms, they did not yield good results because of 

bad quality of training data. To enrich the training data a new 

strategy was developed which is combination of supervised and 

unsupervised machine learning algorithms. We are currently 

working on improving the system by manually checking the 

systems efficiency to classify the queries. 
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