International Journal of Computer Information Systeand Industrial Management Applications.

ISSN 2150-7988 Volume 5 (2013) pp. 289-296
© MIR Labs, www.mirlabs.net/ijcisim/index.html

Improvisation of Learner’s Ability using Adaptive
Online Assessment Methodology

Uday Kumar Mothukuri !, Swathi Murukutla !, Sandesh Jaihand Dhanander K Jairt

! Centre for Development of Advanced Computing, India
muday@cdac.in, swathim@cdac.in, sandeshj@cdac jaingRcdac.in

Abstract: Learning experience can be enhanced by providing
adaptability in online assessment, which is the fas of several
recent research projects and papers, and with thexelosive
growth of information sources available on the Wordl Wide Web.
In this Paper, we present the system architectureof applying
psychological methodologies to online assessmenattadapts to
the examinee’s ability level and the other side weescribe that
web mining can be applied to Learning Content Manageent
Systems to build knowledge about e-Learning and hgsotential
to help and improve learner's performance. This pape also
outlines how to increase the knowledge proficiencgnd skill set
after identifying the ability level.

assessment and also covers the potential of welmgnin
e-Learning. Section IV provides the result procagdiased
on the case study and also we have covered thenestdha
feedback mechanism, validity and security aspéetisttelp in
improving the quality of e-Learning system. Finally
Section V we conclude our work

[I. Assessment in e-Learning

Assessment in higher education is an ongoing psoites
measure cognitive abilities and improvement of sti®
learning. e-Learning also gives the solutions fier questions

KeyWOI’dS e-Assessment, QTl, CAT, CCT, IRT, ePOI’tfoliO, Web“ke, When we |dent|fy the Weakness |n a Studem han we

Mining.

|. Introduction

Over a long period, e-Learning has provided instns;
students and organizations with the tools to usentalogy for
the support of learning and training. The wealtexjferience
gained in the classrooms or at the workplace issiche of a
e-Learning coin and the assessment on the combpetame
the other flipside. It has become more sophistitaty
providing systems to measure the performance aititly aif
individuals as part of the content delivery in eatr@ng.
Learners are increasingly more
technology based assessment directly, or to besesdevithin
a system that is supported by online resources.

One way for achieving all this is, by using intgdint
methodologies (psychometric models) like Compuestiz
Adaptive Testing (CAT) and Computerized Classifimat
Testing (CCT), which improves the educative abilind
experience of the learner. It is timely to revielawis meant
by e-Assessment, what it offers and recognizeithatmore
than just computerized quizzes comprising multigheice,
true or false questions. The data collected abuarstages of
e-Learning system is made available in ePortifoiéarner
navigational patterns are logged in the server astghe
source for web mining techniques to extract uspéiterns.
These patterns are used to give feedback to exparts
updating the course content and provide motivation
students.

The rest of this work is organized as follows. &ectll

describes the assessment in e-Learning. Secti@tHé main
area that presents the system architecture and
implementation work which depicts the adaptive mali

likely to experience

best address the problem?, How can we improve ifgarn
most effectively in a time of tight resources?, Yéespending
time and resources trying to achieve student'silagr— Is It
Working? Overall, at any level assessment allows do
continuous cycle to improve the student’s perforoean
e-Assessment is the use of information technolagyahy
assessment-related activity. In general it is usedescribe
the use of computers within the assessment proktesmn be
used to access cognitive and practical abilitiesgritive
abilities are accessed using e-Testing softwaragtiwal
abilities are obtained using e-Portfolios or siniola
software. The two components of e-Assessment are:

1) e-Testingis to measure skills and knowledge by
questions and assignments delivered on the compéter
e-testing system designed to focus on lower lessbaiations
comprises two components:; an assessment engirenatein
bank, where assessment engine is the softwarereeqto
create and deliver a test. The item bank holdggthestions
created and the assessment engine uses the itemtdan
deliver the test.

2) e-Portfoliois used to record learner performance in the
coursework and project. The use of e-portfolioasaessment
has been adopted by many awarding bodies and accbpt
the regulators, which enables learners to demdasikdlls.

Online Assessment is the process used to measta@ce
aspects of information for a set purpose wherafisessment
is delivered via a computer connected to a netwAN or
WAN). This online assessment identifies the inigddility
level that acts as the quantitative evidence tavsthat some
learning has occurred at student’s side. Instadtdetailed
feedback as well as flexibility of location and &énis the
thenefits associated with online assessments. ttsteucan
use assessment engine for creating questions Wittt s

MIR Labs, USA



290

intervention, (where difficulty level, time requit¢o attempt,
objective of the question are required) that hétpind the
strengths and weakness of the learner corresporidirige
concept.

This form of assessment also helps to determinasaline
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C.Computerized Adaptive Testing (CAT)

CAT is a form of computer based test that adaptheo
examinee’s ability level. Usage of such psychoratrodel
allows adopting the learners ability level whiclipgseto serve
better without any supervised mechanism. This n@Esha

between formative assessment and summative ass#ssMmgses an iterative algorithm which presents an atiitem
Students can use these assessments multiple timespised on the current estimate of user’s abilitye Bhility

familiarize themselves with the content and forrohtthe

assessment. It can be used for online surveyshearsed by
educators to collect data and feedback on studattitades,
perceptions or other types of information that rigkelp

improve the instruction evaluations.

A.Assessment Process

Pre-Assessment

Summative

Assessment

(Assessment of

learning
Formative
Assessment
(Assessment for
learning)

Figurel: Process (Stages) of Assessment

Fig: 1 describes the process of assessment foressitt
student’s achievement.

1) Pre AssessmentThis allows instructor to know what
the students know before the course commencement.

estimate is updated based up on the prior answeds a
repeated till the termination criteria are met.hls the
following components

1) Calibrated Item Pool - It is the item bank whicmtzns
sets of items of various difficulty levels. Thesenis are
tuned with a psychometric model called Item Respons
Theory (IRT).

2)Entry Level - In CAT, items are selected based lom t
examinees performance. If learner’s ability is knpwis
fine to start from that level. Normally, CAT jusisaumes
that the learner is of average ability, hence its item
offered being of medium difficulty.

3) Item Selection Algorithm — It estimates the leamability
and it is able to select an item depending ondhenker’s
attempt.

4)Scoring Procedure - If the learner answered thm ite
correctly, the CAT will likely estimate their ahiji to
higher grade and vice versa.

5) Termination Criterion - The termination criteriar ftests

like

a) Fixed-length termination: Termination happens when
the user has taken a pre-specified number of items.

b) Standard error termination: According to this
termination rule, the user continues to take test$
until the learner estimate reaches a specified l&ve
precision.

What is already known figures out how any

individual will interact with a new learning sitier.

2) Formative AssessmenT his is used to offer feedback
during the learning process. In online assessmep
situations, objective questions are posed, anagD
feedback (advice or comment) is provided to th
student either during or immediately after thq

assessment.

Item Response Theo(yRT) is a paradigm for the design,
analysis and scoring of tests, questionnaires amilas
instruments measuring abilities, attitudes or otvemiables.
br example the e-Testing engine starts with arra@ee
ility, if the user made the correct attempt ttemi with
%igher difficulty will be administered, else a lomeifficulty
evel item will administered. It is also the prefd
methodology for selecting optimal items which aygidally

3) Summative AssessmentThis type of assessmentgelected on the basis of Information rather thdficdity. It

provides a quantitative grade and is often givehet
end of a unit or lesson to determine that the legrn
objectives have been met.

B.e-Assessment Specifications

In order to create a mechanism for the sharingigti h
quality assessment items, global standards havegechelThe
IMS Question and Test Interoperability specificati@@TI)
provides a common format for describing and distiiiy
guestions/items across disparate systems.

QTI [9] also enables the declarative descriptibmany
relevant dynamic features of the assessment prdeessach
structural constituent it is possible to attacletos rules used
to process the learner responses. Assessmenbipagsible
to attach a set of selection and ordering rulesblena
instructors to decide the sequence in which ses@aml items
are presented to the learner and also how leameteiracting
with them. QTI specifies the most common types lof t
scoring algorithm for result processing.

models the relationship between an examinee's togievel
on the trait being measured by a test and the @emisi
response to a test item or question. It uses tiraaged scores
to predict or explain items and the test perforrear®T
model mathematically describes the relationshipvben a
person's trait level and performance on an iteremit
Response function is used for that mathematicatrggon.
For test items that are dichotomously scored, tieen i
response function estimates the probability of aremb
response for a given level of trait.

There are three IRT models, commonly known as
one-parameter, two-parameter and three-parameggstito
models.

i. 1- Parameter model is also known as Rasch modgl {10
presents a simple relationship between the userdeand
the difficulty of items. The mathematical formuls as
follows:
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pi : probability for an user/learner responding cciiye
@i : ability parameter of an examinee
b : difficulty parameter of an item.

PO) = (1)

ii. 2- Parameter model is a generalization of the
parameter model. Instead of having a
discrimination of ‘1’ across all the items as in, 2P has
its own discrimination parameter. Thus , the madel
expressed as:

P (X = correctp) = 1

-~a(d-b) @)

1+e
where® is the student’s knowledge level,
X : the answer (correct or incorrect) to question i,
g : the discrimination parameter for the questicamil
b; : the difficulty parameter for the question i.

Here the discrimination factor describes how welltam can

differentiate between examinees having abilitiekwethe

item difficulty and those having abilities abovee titem
difficulty.

iii. 3- Parameter model uses one extra parameter Gale
guessing factor. One of the facts of life in tegtis that
examinees will get items correct by guessing. Thhss,
probability of correct response

previous models considered this guessing factor.

1

PO =c+1-¢)—————— (3

©)=c+(@1-c¢) o o-a@ D) 3)

where ‘c’ is the guessing parameter

It is important to note that by definition, the walof ‘c’ does
not vary as a function of the ability level. Thtis lowest and
highest ability examinees have the same probalofigetting
the item correct by guessing. The 1-, 2-, and Zupater
models differ, however, in the number of parametaey
allow to vary. When specifying the model to useg should
select the most stringent model that accuratelyessmts the
observed data. For example, one might choose tothese
1-parameter model instead of the 2 or 3-parametelehwith
multiple choice items because of a belief that'#iend ‘c’
parameters are inestimable or because of the simalbf the
data set [13]. In this paper, only the [1-paranjetesch model
is considered to identify the learner’s ability aibdcan be

extended to 2-parameter model once a complete itegrn

cycle is completed.

D.Computerized Classification Test (CCT)

CCT is a mastery test which is similar to CAT whée
items are administered one at a time and deterniirtbe
user/learner is able to be classified yet. If sotést classifies
whether the student is "Pass" or "Fail". The ddfere
between these testing methods is the terminatiterion, and
the scoring procedures are same in CCT but separ&aT,
because in CCT the test is terminated when a Gtzg&n is
made. Usage of these methodologies in assessratay ttat
CAT effectively works for formative assessments &@T
works for summative assessments.

fixedised

includes a sma
component that is due to guessing. Neither of th
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[ll. System Architecture

In this approach the Pre-Test (entrance exam)ed ts
identify the learnograms (pace, initial ability &yskill set)
and to get quantitative evidence. The skill setluides
problem solving skills, programming skills, logiaalasoning
gkills, etc. of each learner are stored in ePadfathich are
to make assessment engine intelligent. These
learnograms can be compared after each assessmént a
highlight the improvements at the learner side. blasic
parameters identified at each level are mentiomethbles
(refer fig-2).

Once the learner attends the main course, therenare
phases of providing recommendations (guidance) and
customizations for enhancing the better learningeeence.
The first one is during the learning phase (i) vehele can
identify the thinking style using the navigation tteans,
learner weakness and can update or improve thesmont
provided in the e-Learning system. Posing questiwnsgular
intervals of time also helps to identify whethee thctual
learning happened or not (i.e. calculating the Kedge

dpercentage level in the specified content).

The attributes/data collected at each phase arkiezd
below.

%Knowledge percentage lev&ecording this value helps to
gauge that the learner is active during the legrpimase.
If the user attempts the wrong answer for the dquesthe
system prompts to go through the concept once again

2)Frequently visited site pagesused to supervise the
content/site pages that are very essential forrécpkar
concept.

3) Time sliceis used to identify start time and end time of the
learner during the learning phase.

4) Ability level: the ability level is rated as (-2 to 2); the
difference between improved ability level and diti
ability level gives the performance of each learner

5) Skill set:we are considering the skill set during the pré-tes
formative assessment and summative assessmermvio sh
the improved skills before and after attending the
e-Learning course.

6)Learner’'s Pace:is used to find whether the user is a
fast/slow learner.

7)Lagging Area:is identified by the learner’'s activities at
each phase.

8) Number of attemptshows the number of attempts made
for each test.

9) Motivation: is provided based up on the all the above
considered factors.

With the use of Web Mining algorithms we can prédie
knowledge structure of learner, frequently visigks (hits
ratio) and learning pace. We have covered aboytdkential
of Web mining in section IlI-B.

During the second phase, the actual e-Testingsstaith
assessment engine and the item bank. Here thedtsts
role is crucial while creating the items; the aiubadial
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parameters like objective of the question, diffigliével, time
slice are to be entered. All these items are storede item
bank as different sets (which act the source fdr)IR
For each test a threshold value is identified flmwéng the

learner to move on to next learning phase (i+1fhédflearner
failed to get the specified threshold limit (pasak) in certain
number of attempts then the learner have to gaugirdhe
same learning phase once again. If the learnérednstructor
is not satisfied with the performance, retestingl$® possible.
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very difficult question in less time, the assessresgine will
automatically reduce the difficulty level of thert using a
back propagation mechanism. In this approach, tesisbe
designed to adapt themselves optimally for eacinéano
need to waste easy items on high ability examinees,
discourage lower examinees with difficult items. Bgking
the test more intelligent, CAT provides a wide manof
benefits. A better experience for examinees, ag ¢ha only
see the items which are relevant, providing an @mete

The designed assessment engine is also made dwaitab challenge.

update the difficulty level of any item given byetmstructor
in the item bank. For example, if 60% of the usgtsmpted a

Emnowledge percentage
level

Frequently visited site
pages

Timeslice

&

Learning Phase (i) i

Unsuccessful

Online Formative
Aszessment

— Learner

Suceessful

Initial ability
level

5kill Set
Pace

i

Formative Assessment

CAT

!

Assessment Engine

. <

Item Bank

|

Summstive Assessment

CCT

[ Upgrade Item difficulty l

T

Lagging Area
Motivation
Number of
attempts

E-Portfolio
e

Figure2: Proposed Online Assessment

Grade

Skall Set

Initial Ability Level
Final Ability Level

At each learning phase, formative assessment helpslevels [low, average and good level]. And it is thet that in

identify and improve the learner’s ability leveldaat the end
of the course a summative assessment is used vaerthe
final results (score) of a particular course. Far summative
assessment we need to take inputs from formatsesament
which includes the number of attempts made by ézaimer,
performance report, feedback which is available
e-Portfolio. Immediate score reporting facility iglso
available; once the test is completed the e-Testiysiem
generates the reports where the ability levelscgodile) are
shown for further improvement. Effective systemdiegck
mechanism helps to upgrade the item’s difficultyelewhich
was given by the instructor at the time of creation

In traditional learning scenario there is a posisylfior the
teacher to identify the students who have varieoWtedge

any educational institution there will be a thrddhealue to
get pass marks [ex: 40% ] in any exam, which stigseven
though the student falls into lower ability setibgpass and
there is a need to bridge the gap between the riiaéth
lower and higher ability levels. The important pgoirere is
iafter identifying the student's knowledge level whhe
instructor can do in order to raise the level. é&hsn this
ability level more number of assignments/activit@s be
given to improve their skill, and providing feedkaor
motivating the student after taking the activityigthserves
better than after the end exam.
The main advantage of the proposed approach is to

improvise the student skill set by using the apilével and

within the stipulated time period encouraging the
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lower/average ability learner to take more numbequiz  self-assessment. Self-assessment is one of theandtiat
attempts may improve his/her ability level and #hél set. drives self-evaluation, along with self-verificatioand
Under the formative assessment we have introducself-enhancement which also helps the instructaspiecific
self-assessment for quantifying the learner's gbiéind in the actions to bring the change.
rest of implementation work quiz resembles to the

Assessment Engine

e

Authoring Service (((‘ ;
N Quiz Delivery \ T cviar
. Attempts
Service :
the quiz
Instructor:
Admin > 'iJ

Deelivers the item based on the leamer’s ability level

CAT Engine '

CAT Model Selection

[LPL.2PL.3PL]

T
Registers the item parameters [“diff”, “disc”]

Info \ Update the difficulty

level of items

CAT Test Processing

liem Selechon Algorithm

Administration Algorithm

Figure 3: Creation and Delivery of Seif-Avsessment

A. Implementation work of the adaptive online asseasmethe learner of junior class with lower difficultypé to senior

using CAT: class with higher difficulty). CAT engine has betaveloped
as web service which would be invoked during tHevegy of
quiz. In order to reduce the load on the web ses/clients
have been created using rich internet applicatiogre it
utilize the processing capability of the clienttsys.

As part of the implementation on the proposed #echire,
we have developed an assessment engine as wetedsagied
like question authoring, quiz authoring, quiz detivare the
three web services. Using the question authoringcse the
instructor/admin has a privilege to create or ugldT]I —
compliant questions before the course commencentent. || scs:
assessment usage of multiple interaction typesshéipe
examinee to understand the question clearly befoseering
it, so we have created 5 interaction types sudtage based || . —
(true/false, multiple choice), associate type (pgirup the i it s e s o i e |
choices), text entry (fill in the blanks), ordepgy(making the [ nevonous epesonef s, st sending o ot e stk fanis | Tuefale
correct sequence of options) and hotspot intenadyipes. s i el |
Quizzes are being created using the quiz autheengce
where the difficulty parameter (b) of each item Wobe
chosen. And the quiz would be delivered as partafrse T T P T =
activity in the form of self-assessment. The adaget of
assigning the difficulty level to each item duritfe quiz || @ B BT - swmenmosaenom e
creation allows the instructor to select the sateenifor
different classes of learners (same item can bigestet! for Figure 4: Quiz Creation user interface for the instuctor

[Activityt:- Cantains questions of java securlty 4

el o) o [e]]e) ) (E]=]2[2] (5]

‘Number of Questions per Section : L ]

"As compared to eynchronous replication of dats, tape backupifestoration strategy requires | TrueFalse Hard

I the recovery abjective is to reduce the loss of datato the maximum possiole extent, a tape | TrueFalse Hoderate

0 0 B 8 @ @ ®
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Initially CAT assumes that the examinee is of agera B.Web Mining in Online-Assessment

ability, with that ability it will calculate the pbability of
giving correct answer for each Item using IRT med€&rom
the calculated probabilities it will find the itemhich is

having high probability and displays it to examinee

Evaluation of learners attempt is carried out ie tuiz
delivery service and the result is forwarded to G&Xigine to
calculate the ability level. The results of thef-sslsessment
can be used by the instructor to check each indaligl ability
or certain groups of learners with varied abiligyéls. The
ability level set which we considered in this modahges
from -2 to +2. For example if the instructor definéhe
threshold limit [ability is +1] for a course andearnerl got
-2.0, learner2 got 0.0 after the self-assessment.

It is the responsibility of the instructor to takecessary
measures to improve the ability by increasing theer of
activities within the stipulated time period. Lesay after %
activity it is observed that learnerl’'s ability &0 and
learner2’s ability is +1. It clearly states thaireerl is not able
to acquire the threshold but there is an improustityalevel
[-2.0 to 0.0] and skill set. Feedback and motivattan be
provided for each identified individual/groups eftner [the
implementation work of feedback mechanism is nolLited
in the figure-3].

Web mining can be used for enhancing the learninggss in
online assessment; we can use web usage minirfanéimg

patterns on learner’s navigational behavior. Thpegerns of
navigational behavior can be valuable while creptihe
knowledge structure of the user. This knowledgecsare
helps the user in revising the content visitechis form of a
tree based view. Zaiane [4] studies on the use afhine

learning techniques and web usage mining to enhance

web-based learning environments for the educatdyetter
evaluate the learning process and for the leatodrslp them
in their learning task. Sung Ho Ha [7] dimensidigcovery
of association rules in web server to find all asstions and
correlations among the web pages allows learneidetttify
their knowledge structures and helps in reorgagizireb
space on these structures.

However, it is the usage information that actusdflects how
a user is navigating or learning from the websiech usage
information can not only serve as a useful feeditacthe
experts about the learners approach, but can atggest to
learners from the navigation experience of othear’'sson
what they found useful. The best knowledge strectam be
recommended for the learners of similar interestkill sets.

Figure-3 depicts the work flow of the self-assess#me|V, Result Processing

creation and delivery, during the initialization@AT engine
the initial ability level is set to average i.e0@nd the result of
this test is used as the initial ability level fbe next activity.
As stated before 1-parameter model [which will ddled by
CAT model selection] is used to identify the leatmability.
After an item is administered, the CAT updateg#tmate of
the examinee's ability level.

If the examinee answered the item correctly, thel G#ll
likely estimate their ability to be somewhat highand vice
versa which is decided by item selection and adsration
algorithms. The item exposure rate algorithm ketepsk of
how many times each item is administered (to aryrénee).
Using this item exposure rate the instructor cadatgp the
difficulty level of the items for next batch studen

selftest!
Qoo:12:42

Section A

6) 180 17799 standard addresszs

() The best practces for informaticn security prozesses
O The best practies fornformaticn qualty asstrance
() The best practices for envronmental issues

O MNone ofthe atove

Tetal Questions 5|
auestions Len: |

Figure 5: Quiz Delivery user interface for the leaner

Item exposure rate =  no of times item admingsi@o of

examinees  (4)

At the end of formative assessment the data celieat each
phase is used to calculate the percentile of thendéx and in
the summative assessment grades are formulated.

Case Study-1: e two phase framework described in the
above methodology can be implemented in the otdiaing
environment. We can collect the initial attributhging the
entrance exam of this course. At each learninggtmsed on
each learner performance the reports can be gederat

Table 1: Formative Assessment-|

ID Course | Performance | Strengths Weakness
(%)
102 XYZ 44% LR PRS, PS$
109 XYZ 34% - LR, PRS
PSS
111 XYZ 67% LR, PR PSS

Here the performance is the ability level calcudaising CAT
methodology in the form of percentile. LR (Logical
Reasoning skills), PSS (Problem Solving skills), SPR
(Programming skills) are identified under each gatg.

The input for the summative assessment comes terdata
collected at all the levels of formative assessraadtthe final
test is configured. In table-2, the initial alyilitevel is

obtained from the entrance exam and the final (@wed)

ability level is obtained after the assessment. gitaeles are
given according to the course criteria.

Table 2: Summative Assessment

ID Course | Initial | Final Grade | Skill set
ability | ability
level level
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102 XYZ 3 7 B+ LR, PRS

109 XYZ 2 6 B LR, PRS

111 XYZ 7 9 A+ LR, PRS,
PSS

Case Study -2:

In this case study, during the self-assessmeimaioelation of
the learner ability using 1-parameter model is aix@d.

A two-item test will be used to illustrate the #lyikestimation
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A.Enhancing the experience of feedback

In this procedure we have tabularized thebates like
lagging area, motivation message, number of attemgaide,
etc. Delivering feedback with the assistance ofeetgpand
peers, through their own reflection for deeper usidgading
of the knowledge and skills associated with a abje
discipline and in ways that help students to seifect.

Traditional forms of feedback all too often failéagage
learners either cognitively or emotionally, writteamments
on assignments are often too brief or difficult floe inexpert
learner to interpret, and are frequently overlooideen the

process. Under a one-parameter model, the known itd1ext assignment is due. Audio recorded individegidback

parameters are:
b=0,a=1
b=2,a=1
The examinee’s item responses were:

Iltem response (u) difficulty (b)
1 1 0
2 0 2

A priori estimate of the examinee’s ability is &&6"s= 0.0

First iteration: Initial Theta=0.0

Item | u P Q a(u-P) | a*a(PQ)
1 1 0.5 0.5 0.5 0.25
Sum 0.5 0.25
N
> -alu-P (&)
a0, =1 (5)
> a?P(8,)Q.(6,)
i=1
0s+1= 6 + Abs (6)

where 0 is the estimated ability within iteratios’

0s+11S the calculated ability within the iteratios ‘

g is discrimination parameter of item# 1,2,..N

u; is the response made by the examinee toiitem
u = 1 for a correct response
u = 0 for wrong response

Pi(8y) is the probability of correct response to item

Qi(8s) = 1- PiPs) is the wrong response

ABs=0.5/0.25=2.0
0s41=0.0+2.0=2.0

(applying in equation 5)
(applying in equation 6)

Standard Error [SE] = 1/(a*a (PQ))  (7)
=1/70.25=2.0
Second iteration:new Theta=2
ltem| u P Q a(u-P)] a*a(PQ
1 1| 0.8807 0.1193] 0.1198 0.105
2 0| 05 0.5 -0.5 0.25
Sum  -0.3807 0.35506

ABs = -.3807/.35506 = -1.07219
05+, = 2.0+(-1.07219) = 0.92781
SE =1.6783

Based on the steps involved in CAT the test wiltdreninated
when SE<0.01.

can be delivered to individual learners as persoedl
feedback, for example tips and hints for forthcagmin
assignments. Once a lengthy, time-consuming progessg
detailed feedback on dissertation drafts now tgkase with
less effort and in a shorter time.

B.Validity and reliability of the Assessment

Awarding assessment engines must ensure
assessment delivered and maintained by electrozsnsis fit
for purpose and produces a valid and reliable meastia
learner’s skills, perceived knowledge, pace, urtdading
capability and/or competence.

that

C.Security

It is necessary to consider the implicatiofissecurity,
confidentiality and authentication of the candidati¢her
taking the test or submitting the work. There dgmificant
implications for educational institutions and wobased
tracking of achievement though these issues aragbei
addressed in a number of ways. Awarding assessngiries
must maintain and review the security of e-assestksystems
to ensure authentic test outcomes and protecti@insty
malpractices.

V. Conclusion and Future Work

In this paper, we have proposed an apprémcimaking
online assessment intelligent and described how the
performance of individual learner can be improveg b
providing enhanced feedback mechanism. Applying
adaptability to online assessment provides thet ngix of
technology and individualization that can enhante t
learning experience. We have illustrated the benedi
applying psychometric models in online assessmedth@w
it improves the learner skill set

Future implementation and testing of the tool can b
enhanced by incorporating an automated approaajuided
personalization to improve the ability levels of tearner and
the data identified in this approach can be usecfiective
personalization in e-Learning by using web mining
techniques.
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