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ABSTRACT: Data mining is described as the process of finding, analyzing, and sifting through vast quantities of data in order to 

uncover connections, patterns, or statistical correlations. SDM (Geographic Data Mining) is the process of extracting interesting, 

useful, and non-trivial patterns from massive spatial datasets. Due to the complexity of geographical data types, spatial 

connections, and spatial auto-correlation, finding interesting and meaningful patterns from spatial datasets must be more 

challenging than extracting the equivalent patterns from conventional numeric or categorical data. Emphasis was placed on the 

distinct characteristics that differentiate geographical data mining from traditional data mining, as well as the significant 

achievements of spatial data mining research. In precision agriculture, community planning, resource finding, and other fields, 

extracting intriguing patterns and rules from spatial information, such as remotely sensed images and related ground data, may 

be useful. 
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1. INTRODUCTION 

Data mining, also known as knowledge discovery in databases (KDD), is the process of extracting new and 

possibly valuable information from big datasets. Retail sales, bioinformatics, and counter-terrorism are just a 

few of the areas where data mining has been used. In recent years, there has been a surge in interest in using 

data mining to answer scientific issues in educational research, a field known as educational data mining (EDM). 

EDM is described as a field of scientific research focused on the creation of techniques for generating 

discoveries within the specific types of data generated by educational settings, as well as the application of such 

approaches to better understand students and the environments in which they learn[1]. 

In explicitly utilizing the many layers of relevant hierarchy in educational data, EDM techniques often vary 

from methods in the wider data-mining field. To accomplish this aim, techniques from the psychometrics 

literature are often combined with methods from the machine learning and data mining literatures. 

For example, when mining data on how students use educational software, it may be useful to examine data at 

the keystroke, answer, session, student, classroom, and school levels all at the same time. In the analysis of 

educational data, time, chronology, and context are all significant considerations. 

In recent years, EDM has grown into its own academic field, culminating in the creation of the biennial 

International Conference on Educational Data Mining and the Journal of Educational Data Mining in 2008. In 

comparison to traditional educational research paradigms, there are a number of advantages. In comparison to 

more conventional educational research paradigms including laboratory studies, in vivo investigations, and 

design research, EDM has many benefits[2]–[5]. 

The emergence of public educational data sources like the Pittsburgh Science of Learning Center (PSLC) Data 

Shop and the National Center for Education Statistics (NCES) data sets, in particular, has provided a foundation 

that makes EDM extremely viable. The data from these archives, in particular, are more ecologically valid 

(insofar as they represent data concerning the performance and learning of real students, in genuine educational 

settings, engaged in genuine learning activities) and increasingly simple to acquire and conduct research with. 

For researchers in other educational research paradigms, balancing practicality with ecological validity is a 

challenging task. Researchers that utilize data from these repositories, on the other hand, may skip processes 

like subject recruitment (e.g., recruiting schools, instructors, and students), study scheduling, and data input 

(since the data is already available online). While using previously collected data has the potential to limit 

analyses to questions involving the types of data collected, data from repositories or prior research has been 

useful for analyzing research questions far beyond the scope of what the data were originally intended to study, 

especially with the advent of models that can infer student attributes[6], [7]. 

Replication has become considerably more possible because of the improvement in speed and practicality. Once 

a construct of educational interest has been experimentally established in data (such as off-task behavior or 

whether or not a skill is known), it may be transferred to other data sets. Transferring constructs is not easy – 

the same construct can be slightly different at the data level, within data from a different context or system – 

but transfer learning and rapid labelling methods have proven to be effective in speeding up the process of 
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developing or validating a model for a new context. As a result, many EDM studies have been reproduced using 

data from other learning systems or settings. 

The availability of data from thousands of students who have broadly similar learning experiences (such as 

using the same learning software) but in very different contexts is increasingly allowing researchers to study 

the impact of contextual factors on learning and learners in ways that were never previously possible. It has 

previously been difficult to determine how much variations in instructors and classroom cohorts affect particular 

elements of the learning experience; however, EDM makes this analysis considerably simpler. Similarly, 

traditional methods have found it difficult to study the concrete effects of relatively rare individual differences 

(leading case studies to be the dominant research method in this area) – EDM has the potential to expand a 

much broader tool set to the analysis of important questions in individual differences[8], [9]. 

Within EDM, there are a number of contemporary techniques that are widely used. Prediction, clustering, 

connection mining, model development, and data distillation for human judgment are the broad categories in 

which these techniques fall (Table 1). The first three categories are widely recognized as being universal across 

all kinds of data mining (although under different titles in certain instances). Within EDM, the fourth and fifth 

types are very prominent. 

1.1 Prediction: 

The aim of prediction is to create a model that can infer a particular element of the data (predicted variable) 

from a set of other data variables (predictor variables). Labels for the output variable for a restricted data set are 

required for prediction, where a label provides some trustworthy ground-truth knowledge about the output 

variable's value in particular instances. However, in certain instances, it is essential to evaluate the degree to 

which these designations are just imprecise or unreliable. 

Within EDM, prediction has two purposes. Prediction techniques may be used in certain instances to investigate 

which characteristics of a model are essential for prediction, providing insight into the underlying construct. 

This is a typical strategy in research programs that try to predict student educational results without first 

predicting intermediate or mediating variables. Prediction methods are used in a second type of application to 

predict what the output value will be in situations where it is not desirable to obtain a label for that construct 

directly. 

Consider research into the connection between learning and gaming the system, with the goal of achieving 

success in an interactive learning environment by leveraging system characteristics rather than learning the 

content. If a researcher wants to examine this construct over the course of a year of software use in different 

schools, it may be difficult to determine whether each student is gaming at any one moment using non data-

mining techniques. Developed a prediction model by labelling a small data set with observational methods, 

developing a prediction model using automatically collected data from student-software interactions for 

predictor variables, and then validating the model's accuracy when generalized to more students and contexts. 

They were able to investigate their research topic in the context of the whole data set after that. 

Prediction may be divided into three categories:  

 classification 

 regression 

 Density estimation.  

The predicted variable in classification is a binary or categorical variable. 

Decision trees, logistic regression (for binary predictions), and support vector machines are some of the most 

common classification techniques. The predicted variable in regression is a continuous variable. Linear 

regression, neural networks, and support vector machine regression are some of the most common regression 

techniques in EDM. The predicted variable in density estimation is a probability density function. A number of 

kernel functions, including Gaussian functions, may be used to create density estimators. The input variables 

for each kind of prediction may be categorical or continuous; depending on the type of input variables utilized, 

various prediction techniques are more effective[10]. 

1.2 Clustering: 

The goal of clustering is to find data sets that naturally group together, dividing the entire data set into clusters. 

Clustering is especially useful when the most common categories within a data set are unknown ahead of time. 

Within a category, if a set of clusters is optimal, each data point will be more similar to other data points in that 

cluster than data points in other clusters. Clusters can be created at a variety of grain sizes: for example, schools 

http://www.jetir.org/


© 2018 JETIR December 2018, Volume 5, Issue 12                                                     www.jetir.org (ISSN-2349-5162) 

JETIRFJ06076 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 368 
 

can be clustered together (to investigate similarities and differences between schools), students can be clustered 

together (to investigate similarities and differences between students), or student actions can be clustered 

together (to investigate patterns of behavior). 

Clustering algorithms can start from a specific hypothesis, possibly generated in prior research with a different 

data set, or from a specific hypothesis, possibly generated in prior research with a different data set. A clustering 

algorithm can assume that each data point belongs to exactly one cluster (as in the k-means algorithm), or it can 

assume that some points belong to multiple clusters or none at all.  

Statistical metrics such as the Bayesian information criterion are commonly used to assess the goodness of a set 

of clusters by comparing how well the clusters fit the data to how much fit could be expected solely by chance 

given the number of clusters. 

1.3 Exploration of Relationships: 

The goal of relationship mining is to discover relationships between variables in a data set with a lot of them. 

This could be in the form of attempting to determine which variables are most strongly linked to a single variable 

of interest, or it could be in the form of determining which relationships between any two variables are the 

strongest. 

Association rule mining, correlation mining, sequential pattern mining, and causal data mining are the four types 

of relationship mining. The goal of association rule mining is to find if–then rules that state that if one set of 

variable values is found, another variable will have a specific value. For instance, a rule of the form "student is 

frustrated, student has a stronger goal of learning than goal of performance" could be discovered! The student 

frequently seeks assistance. The goal of correlation mining is to find linear (positive or negative) correlations 

between variables. The aim of sequential pattern mining is to identify temporal connections between 

occurrences, such as determining which route of student actions leads to a certain learning experience. 

Statistical significance and interestingness are two criteria that must be met by relationships discovered via 

relationship mining. Standard statistical tests, such as F-tests, are often used to determine statistical significance. 

Because there are so many tests, it is essential to account for the possibility of discovering correlations by 

coincidence. This approach may enhance the likelihood that a particular connection discovered was not the 

result of chance. Another option is to use Monte Carlo techniques to evaluate the overall likelihood of the pattern 

of findings discovered. This technique determines how probable the general pattern of findings is to have arisen 

by chance. 

In order to minimize the number of rules/correlations/causal connections sent to the data miner, the 

interestingness of each result is evaluated. Hundreds of thousands of important connections may be discovered 

in extremely big data sets. Interestingness measurements try to figure out which results are the unique and well 

supported by the data, as well as remove excessively similar findings in certain instances. Support, confidence, 

conviction, lift, advantage, coverage, correlation, and cosine are all examples of interestingness metrics. 

According to certain studies, lift and cosine may be especially important in educational data. 

1.4 Models for Discovery: 

A model of phenomena is created via prediction, clustering, or, in certain instances, knowledge engineering (the 

model is built using human reasoning rather than automated techniques in knowledge engineering). After that, 

the model is utilized as part of another study, such as prediction or relationship mining. 

The predictions from the generated model are utilized as predictor variables in predicting a new variable in the 

prediction scenario. For example, evaluations of the likelihood that the student understands the current 

knowledge component being taught have traditionally been used in complicated concept analyses, such as 

gaming the system in online. These student knowledge evaluations have been based on models of the knowledge 

components in a domain, which are often represented as a mapping between exercises in the learning program 

and knowledge components. The connections between the generated model's predictions and extra variables are 

investigated in the relationship-mining scenario. A researcher may use this to investigate the connection 

between a complicated latent construct and a broad range of observable constructs. 

The verified generalization of a prediction model across contexts is often used in model discovery, for example, 

looked at whether state or trait variables were stronger predictors of how much a student will game the system 

over the course of a year of educational software data. This kind of generalization depends on proper validation 

that the model generalizes correctly across contexts. 
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1.5 The Most Important Applications: 

As shown throughout this essay, EDM has a broad range of applications. Four areas of application that have 

gotten a lot of interest in the field are covered in this section. 

Improving student models, which offer comprehensive information on a student's traits or states, such as 

knowledge, motivation, meta-cognition, and attitudes, is one important area of application. A major topic in 

educational software research is modelling individual variations amongst students in order to allow software to 

react to those individual differences. In recent years, EDM techniques have allowed for a significant increase in 

the complexity of student models. Researchers have been able to draw higher-level conclusions about students' 

conduct using EDM techniques, such as when a student is gaming the system, when a student has slid (made a 

mistake despite understanding a skill), and when a student is engaged in self-explanation. 

The discovery or improvement of models of the domain's knowledge structure is a second important area of 

application. Methods for quickly finding accurate domain models directly from data have been developed in 

EDM. 

These methods typically combine psychometric modelling frameworks with advanced space-searching 

algorithms and are posed as prediction problems for the purpose of model discovery (for example, attempting 

to predict whether individual actions will be correct or incorrect using various domain models is one common 

method for developing these models developed methods for finding a Q-matrix from data automatically. The 

author has developed methods for driving automated search for item response theory (IRT) models utilizing 

codified expert information about distinctions between items. By looking at the covariation of individual items, 

presented algorithms for discovering partial order knowledge structure models. 

2. DISCUSSION 

The author has discussed about the Data Mining, The process of collecting new and potentially useful 

information from large datasets is known as data mining, also known as data analysis (KDD). Data mining has 

been utilized in a variety of fields, including retail sales, biology, and counter-terrorism. Educational data 

mining, a discipline that uses data mining to solve scientific questions in educational research, has seen a rise 

in attention in recent years (EDM). Researchers are increasingly able to study the impact of situational variables 

on learning and learners in ways that were previously impossible due to the availability of data from thousands 

of students who have broadly similar educational activities (such as using the same learning software) but in 

very different contexts. Previously, determining how much differences in instructors and classroom cohorts 

influence certain aspects of the learning experience was challenging; however, EDM makes this study much 

easier. Similarly, conventional approaches have struggled to investigate the actual consequences of relatively 

uncommon individual variations. 

3. CONCLUSION 

The author has concluded about the data mining, The act of discovering, analyzing, and sifting among large 

amounts of data in order to identify connections, patterns, or scientific correlations is referred to as data mining. 

The technique of identifying interesting, useful, and non-trivial patterns from large geographical datasets is 

known as SDM (Geographic Data Mining). Finding intriguing and relevant patterns from large datasets must 

be more difficult than extracting comparable patterns from traditional numeric or categorized data due to the 

complexity of wide information kinds, spatial linkages, and spatial auto-correlation. The importance of 

distinguishing geographical data mining from conventional data mining, as well as the important 

accomplishments of spatially data mining research, was emphasized. 
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