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Abstract: Problem statement: The work presented Fuzzy Modeled K-means Clusteali§y Mining

of hidden knowledge for Decision Support. Basedhennumber of clusters, number of objects in each
cluster and its cohesiveness, precision and rgadlles, the cluster quality metrics is measurea Th
fuzzy k-means is adapted approach by using heuniséthod which iterates the cluster to form an
efficient valid cluster. With the obtained datastlrs, quality assessment is made by predictivénmin
using decision tree model. Validation criteria fe@n the quality metrics of the institution featufer
cluster formation and handle efficiently the aruiyr shaped cluster&\pproach: The proposed work
presented a fuzzy k-means cluster algorithm infémation of student, faculty and infrastructural
clusters based on the performance, skill set ardlitition availability respectively. The
knowledge hidden among the educational data sextimcted through Fuzzy k-means cluster an
unsupervised learning depends on certain initiatialues to define the subgroups present in the
data setResults: Based on the features of the dataset and inpathpters cluster formation vary,
which motivates the clarification of cluster vatidi The results of quality indexed fuzzy k-means
shows better cluster validation compared to thatraditional k-family algorithmConclusion: The
experimental results of cluster validation schemeficm the reliability of validity index showing &t

it performs better than other k-family clusters.
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INTRODUCTION The ability of data mining improving the quality o

_ educational processes by offering an enhancedoversi

Nowadays many educational systems generatgf newly proposed analysis model (DM_EDU)
mountains of administrative data about studentspresented in (Delavaret al., 2005) used for the

courses, staff including lecturers, infrastructure,;Jmpncation of data mining in educational system. |
managerial systems. This data is a strategic resdor  aqgition to that, our main contribution is considgr
educational institution. Making the most use ofsthe ;o quality improvement of decision-making processe
strategic resources W|II_Ieaq to the main obJecme Specifically, the adopted approach uses an existing
educational system, which is improving the quabfy Multi Criteria Decision Making (MCDM) method,

processes. To retain qualified in educational domai }.piving emphasis on the formulation of the process
d derstandi f the knowledge hidd t :
eep tnders.anding of e xnowlecge nioden amaag (Karakosta et al., 2008) as to be relatively

data is required. In today’s education lack of daag ) . :
enough knowledge among the processes such Straightforward to incorporate direct stakeholders’

evaluation, counseling prevents management systeRf€ferences This article aims to develop a fuzzy
from achieving this quality objective, so there imm¢ ~ Multicriteria Decision Making (MCDM) tool that
been an efficient and effective use of their sgiate €quips with Analytic Hierarchy Process (AHP)
resources yet. It results in extracting greatenedtom  framework (Cheongt al., 2008) to help users in semi-
the raw data set and making use of strategic reseur Structured and unstructured decision making taske
efficiently and effectively. It finally improves ¢h methodology is based on CRISP-DM methodology
quality of educational processes. Cross Industry Standard Process for Data Mining. In
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practice, one may classify each item in more tivem t great deal of data stored in databases, data wasesp
categories such as “bad”, “medium”, “good” and or other information repositorie¥he genetic algorithm
“excellent” (Amirzadehet al., 2008). Based on this, we Wwas applied to calibrate the fuzzy set model (T eary
introduce a Fuzzy Multinomial chart (FM-chart) for € al., 2011). Prior to the great usages that this
monitoring a multinomial process. technology brings into many application areas sash
biomedical and DNA analysis, retail industry and
Ingtitutional data mining: Data mining is the process Marketing, telecommunications, web mining and
of autonomously extracting useful information or récently has also been an interesting area of refséa
knowledge from large data stores or sets. Datangini €ducational domain. This information overload also
consists of more than collecting and managing data, €Xists in the biomedical field, (Feldman al., 2003)
also includes analysis and prediction. These toafs where scientific publications and other forms aoftte
include statistical models, mathematical algorittans ~ Pased data are produced at an unprecedented rate.
machine learning methods such as neural networks or o ) ) )
decision trees. Data mining is popularly known asClusier validation on quality metrics: Requirements
knowledge discovery databases. As the educationdfr the evaluation of clustering result, is wellokm in
systems are capable of collecting large amount off€ research community and a number of efforts have
students profile data, data mining and rough seP&en made especially in the area of pattern retiogni.
techniques can be applied to find interestingThe most frequently_ used cll_Jsterlng is the K-family
relationships between attributes of students. clusters, among which a variant of K-means cluster
The concept of data mining, involves three stepresented by evaluated a strategy of partial distan
i.e., capturing and storing the data, convertirg i 109iC to k-means algorithm which avoids unnecessary
data into information and converting the informatio distance calculation made by traditional k-means
into knowledge. Data in this context comprisestial ~ clusters. Their work was not complementary for
raw material an institution collects via normal different type of distribution. They initiated twoays
operation. Capturing and storing the data is thst fi for generating input data points i.e., normal and
phase that is the process of applying mathemasicd! uniform dlstr!butlon. The Author also used clusmgn_
statistical formulas to “mine” the data warehousefor aggregating data in multiple tables for hangllin
Mining the collected raw data from the entire itgton classification in relational databases which cosggiof
may provide new information as to how studentsUSer cpntrpl cIus'Ferin_g and automatic nor_l-overlagpi
parents and the institutions own processes reallglustering in multiple instances with genetic algon.
perform. Converting the raw data into informatian i Graph theory has been used in protein sequencer(Jab
the second step of data mining. Our survey on thé&t aI.,_ 2009) clustering as a means of partitioning the
current works in data mining field shows that of¢he ~ data into groups, where each group constituteasterl
application domains that can take advantage of data They employed time-invariant and time-variant
mining benefits in education. Student Informationfuzzy time-series which cluster the data, find ecloster
System data is involved with three kinds of larggad membership values, define and partition universe of
sets: discourse, then fuzzily historical data and logieddtion
and finally calculate forecasted outputs which éase
» Educational resources such as student databasdbge performance of cluster evaluation. This moéisais
fees collection and individualized problems to adapt fuzzy clustering for predictive decisiapsort
designed for use on assignments and examinationn evaluating institutional data.
* Information about users who create, modify, However, the issue of cluster validity is rather
assess, or use these resources under-addressed in the area of databases and data
+ Activity log databases which log actions taken bymining applications, even though recognized as
students in behavioral characteristics and exanimportant. In general terms, there are approacbes t

results investigate cluster validity (Xie and Beni, 1991.
cluster validity index for crisp clustering attermpio
Educational institution quality assessment model: identify compact and well-separated clusters. The

An item soon to be integrated in many educationaimplementation of most of these indices is very

systems is adoption of data mining. It can be bestomputationally expensive, especially when the nermb

explained as the process of extracting useful kedg#  of clusters and number of objects in the data s&ig

and information including, patterns, associationsyery large. With cluster validity on institutionquality

changes, anomalies and significant structures feom assessment, we presented an efficient cluster tguali
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validation index to measure the performance of  Every part of a multi-part problem is distinguighe
institutional quality in terms of metrics such asas a separate problem. The multi-instapeeblem is
performance students, capabilities and skill of thealso considered separately, because a particular
trainers and the infrastructure requirements. problem or one part of it might be used in diffdren
assignment sets. Finally, a Table 1 is created lwhic
includes all computed information from all students
sorted according to the problem order. In this step

MATERIALSAND METHODS

The institutional quality assessment modelsystem has provided the following statistical
presented a cluster evaluation process on theanetfi information:
student performance, faculty skill sets and

infrastructural requirement. Then present a predict e
process using decision tree model to evaluate the
overall performance of educational system. In first
process of cluster formation, provide a full acdesthe .
institution’s educational records. With this accabey
are able to evaluate the problems presented in the
course after the students have used the educational
materials, through some statistical reports. Itoals
provides a quick review of students’ submissions fo
every problem in a course. The instructor may nawnit
the number of submissions of every student in any
assignment set and its problems. The total numbkers
solved problems in an assignment set as compaithd wi
the total number of solved problems in a course aré
represented for every individual student. The psego
model in our work is shown in the Fig. 1 indicatiting
process adapted to evaluate decision support for
institutional quality assessment.

The important task of the feedback tools for thee
instructor is to help identify the source of difflies
and the misconceptions students have about a topie.
There are basically three ways to look at such
homework data: by student, by problem, or crossautt
(per student, per problem). The amount of dataggath
from large enrollment courses with over 200.
randomizing assignment problems, each of them
allowing multiple attempts, can be overwhelming.

Number of students: Total number of students who
take a look at the problem. (Let number of students
is equal to n)

Tries: Total number of submissions to solve the
problem:

n
X
i=1

where, Xidenote a student try.

Mod: Mode, maximum number of submissions for
solving the problem

Mean:Average number of the submissions:

13
x—ani

i=1

YES: Number of students solved the problem
correctly

Yes: Number of students solved the problem by
override. Sometimes, a student gets a correct
answer after talking with the instructor. This type
of correct answer is called “corrected by override”
%Wrng: Percentage of students tried to solve the
problem but still incorrect:

n-(YES+ yes
100*( ( y )}
Cluster n
Academic formation Quality _ o '
dataset [ | ysing metrics * SD: Standard Deviation of the students
Fuzzv k- submissions:
cluster
izn:(x —X)2
v n-1iF
Cluster Institutional Table 1: Cluster instances
validation | parameter Number of Clusters Existing Proposed
0 326 402
1 342 427
2 356 478
. 3 373 549
Fig. 1: Process framework for fuzzy modeled K-atust 4 386 596
quality mining 5 398 674
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Fuzzy K-means cluster: Fuzzy K-Means is an d(clos_rep
extension of K-Means, the popular simple clustering |
) . . N ,clos _rep ) .
technique. While K-Means discovers hard clusters (‘I tor d c < m,densny(q) )
point belong to only one cluster), Fuzzy K-Means is nter_ ens(c):;; stdey + stdey
more statistically formalized method and discovaof i
clusters where a particular point can belong toemor ,c>1cz n

than one cluster with certain probability. In tisisidy,

we propose a new strategy to accelerate the k-meaRhere, clos_repclos_repare the closest representative

clustering algorithm (Al-Zoubét al., 2008) through the points between clusters i and j and n the number of

Partial Distance (PD) logic. points in a data set. Also; is the middle point of the
The Fuzzy K-means accepts an input fileline segment defined by the closest clusters’

containing vector points student and faculty dats.s representatives clos_remlos_rep The term density

The quality assessment model provides the clusteu;) is defined as Eq. 2:

centers as input and /or allow canopy algorithniuto

and create initial clusters. The proposed algorithm nn
doesn't modify the input directories. Fuzzy K-Means ;f(xi’uﬁ)
Mapper reads the input cluster during its configuredemSiy(y J=-= —— (2

method, then computes cluster membership probabilit L

_Of a point to eqch cluster. Cll_JSter mem_bersh|p Swhere, clos_rgpclos_repare the closest representative
inversely pro_port|onal to th_e distance. D_|stf_;1nce 'Spoints between cluster and ¢ and n the number of

computed using student assignment submission datBoints in a data set. It represents the percentige

grade as distance measure. Output key is encodeghints in the cluster i and the cluster j that belto the
cluster. Output values are the probability Valugut  neighborhood of u The neighborhood of a data point,
Point. Fuzzy K-Means Combiner receives all keyueal u;, is defined to be a hyper-sphere with centeand
pairs from the mapper and produces partial suntbeof radius the average standard deviation of the afiste
cluster membership probability times input vectfims  petween which we estimate the density. Also, the
each cluster. Output key is the encoded clustetp@u function f(x, y) is defined as Eq. 3:

value is sum of cluster membership values in thiégla

sum, partial sum vector summing all such pointzziyu _fo, ifd(x,u;)> (stdey + stdev )/:

K-Means Reducer receives certain keys and all saluef(x’uii)‘{ll otherwise (3)
associated with those keys. The reducer sums thewa
to produce a new centroid for the cluster which is

: . o It is obvious that a point belongs in the
output. Output key is the encoded cluster idemsfie P J

neighborhood of jpif its distance from pis smaller

o ) o o than the average standard deviation of clusters.
Cluster validity: The clustering validity criteria are pHowever, the actual area between clusters, whose
classified into internal, external and relative. eTh density we are interested to estimate, is defimetet
proposed work focus on the relative association ofhe area between the closest representative points.
faculty, students and infrastructure relatimeteria is  Clusters’ Separation (CS) evaluates the separatfon
used as the validity measure. The process of clustelusters taking into account both the distances/den
validation defines a relative validity index, fas@ssing the closest clusters and the Inter-cluster dendihe

the quality of partitioning for each set of the imp goalis the distances among clusters to be higlevtimé
values. The proposal formalize clustering validitgex  density in the area among them to be low. Then, the
based on clusters’ compactne@s terms of cluster clusters’ separation is given by Eq. 4:

density) and clusters’ separatiofcombining the

distance between clusters and the inter-clustesitygn c oo

Cluster Density (ID) evaluates the average derisity iﬂ;m'”{d(dos—rep ,clos_rep )}
the region among clusters. The goal is the deisitiye Sep(c —2 o ] (4)
area among clusters to be significant low. Then, 1+ Inter _dens(c)

considering a partitioning of the data set into enttran

two clusters (i.e., c>1) the inter-cluster density where, clos_rgpclos_repare the closest representative
defined as follows Eq. 1: points between clustersand ¢
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Fig. 2: Standard deviation with number of clusters

verifying the Fuzzy K-Cluster Validity

Ingtitutional parameters. The parameter used in the
quality assessment of the educational system stexdli
down along with its data collections sources.

Types of informational measures:

e Student profile

»  Faculty profile

*  Curriculum

e Outcome profile

e Learning path ways

» Infrastructural facilities

Analytical evaluation:

* Analysis of student

* involvement and engagement
« Staff Performance relating

» to student results and career
* Resource Facility relation

» to easy and effective

* knowledge acquisition

institutions, professional, government and non-
government organizations; and industry, within the
India and internationally. The institution is vadly its
local community as provider of extension prograha t
are responsive to the needs of the community foplee
empowerment and self-reliance. On data integration,
the information about the students, lecturers and
courses stored in various tables are merged to have
different information about lecturer and studentirse
performance, academic and personal information of
lecturers gathered together for each single student
object.

RESULTS

The experimentation conducted on the student
assessment and the faculty performance based on the
results of the students and their profile two-step
means fuzzy cluster technique are evaluated for its
tolerance of diverse data types and user-friendly
groupings. To establish typologies, in which cdsae,
more manual categorization should have occurreat pri
to actual modeling. One way of understanding
groupings typically involves examining a secondary
level of factors associated with the main outcorogs
the data mining project. This would mean going lmglyo
persisting and non-persisting, transfer and non-
transferred to a level that define when or how the
outcome happened, for example, number of terms prio
to a student became transfer ready, or number of
courses continually taken by a student prior to
becoming transfer ready. The following resultant
clustering analysis represents a general analysikeo
entire population to seek major centroids of staden
performance and staff performance. Since data ginin
is iterative work, this part of the analysis maycuc
before predictive modeling is conducted, so that
somewhat homogenous populations exist to make the
predicted score more precise. Fig. 2 shows that the
standard deviation is efficient in proposed systemen
compared to the proposed system

The complexity of the validity index CDbw, is

* Quality assessment in terms of faculty based on the complexity of its two terms clustarsity
performance, student outcome and resourc@nd separation. Assuming d the number of attributes

availability
« Organizational change

(data set dimension); c is the number of clusters
the number of database tuples; r the number of a
cluster’s representatives. Then the complexity of

The institution offers programs that take into Selecting the closest representative points ofustets
consideration the social, cultural, economic ands O(d(?rz)..The intra-cluster density complexity is
developmental needs of the country at local, region O(ncrd) while the complexity of inter-cluster degsis

and national levels, as well as the need for thexty
to compete effectively in global markets. The insibn

O(ndé). Then CDbw complexity is O(n@r). Usually,
¢, d, r<< n, therefore the complexity of our index a

is valued as a partner by other higher educatiospecific clustering scheme is O(n).
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Fig. 4: Cluster instance Vs Institutional charastérs

The considered data sets for these experiments . o )
. . _Jable 2: Decision support for the institutionalfpemance metrics
are synthetically generated according to the normai Homan behavior

distribution. Figure 3 shows Cluster instances Withycagemic  Non-academic  of Relation Decision
the number of clusters. The execution time, ags7 0.45 0.38 Normal
expected, is nearly quadratic with respect to the.7s 0.53 0.37 Average
number of clusters but asi€ usually a small integer, 0-38 0.8 0.6 Below average

it creates no problem.
The Table 2 depicted below gives a overview of our
DISCUSSION proposed decision tree obtained in our experimimat
on the institutional data set. The attributes gekkc
By using Weka the performance of educationalusing cluster analysis is feed into in the decidi@e
institution quality factors has been evaluated. Themodel and its resultant outcome is depicted in &ig.
system model has enabled instructors to efficiently
create and distribute a wide variety of educational CONCLUSION
materials, assignments, assessments. These include
numerous types of formative conceptual and  The proposed work of Fuzzy Modeled K-Cluster
algorithmic exercises for which prompt feedback andQuality Mining, evaluates the quality of clusteosrhed
assistance can be provided to students as they evork in the process of mining hidden data of educatiatad
assigned tasks. This process allows rapid inteatiogt sets. The validity is verified with cluster object
of such data in identifying students' misconceptiand ~ cohesiveness and its precision value. The cluster
other areas of difficulty, so that concurrent ongly  Validation is used to evaluate the quality indexthu
corrective action can be taken. This informatiosoal data set along with decision tree algorithm which
facilitates detailed studies of the educationabueses ~ Presents the usability of Fuzzy k-Means efficientie

used and can lead to redesign of both the matexials decision tree obtained from clusters how close the
the course. results to the real partitions of the data set diee

Since the output is the result of decision treeProposal work defined the validity index, for asseg

training modeling, therefore we require interprgtin 1€ results of clustering fuzzy k-means. The index

and generating explanation, which is understandabl@Ptimized for Institutional data sets that include
by humanity. Therefore the obtained decision tree j compact and well-separated clusters. The compactnes

translated into rules. Explain one interesting sule of the data set is m_easured by the_mtra-clustes@e
among the various rules obtained. This rule has é{vhereas the separation by the density betweerechust

purity of 55.6%. It represents the 22% (841students REEERENCES
of the total number of students. This rule is impot
because it provides new information. From the totalal-zZoubi, M.B., A. Hudaib, A. Huneiti and B. Hammo,
number of students (841 students), 55.6% (468) are 2008. New efficient strategy to accelerate k-means
classified as “Successful”. The other students4%#. clustering algorithm. Am. J. Applied Sci., 5: 1247-
373 students) are classified as “Unessful”. 1250. DOI:10.3844/ajassp.2008.1247.1250
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