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Self-Assessment in a Feasible, Adaptive
Web-Based Testing System

Eduardo Guzman and Ricardo Conejo

Abstract—Adaptive testing systems generate tests for assess-
ment that are tailored to each student. In these tests, students are
assessed through a process that uses Item Response Theory (IRT),
a well-founded psychometric theory. This theory is responsible
for estimating student knowledge, determining the next question
that must be posed at each moment, and deciding test finalization.
System of Intelligent Evaluation Using Tests for Teleeducation
(SIETTE) is a Web-based environment for generating and con-
structing adaptive tests. In SIETTE, teachers can create tests for
self-assessment. In this kind of test, questions are posed one by
one, and the correction of each question is shown immediately
after the student’s answer. Along with this correction, and in terms
of the student’s answer, feedback is provided. Feedback consists
of pieces of knowledge that help students detect misconceptions or
reinforce concepts correctly learned. Furthermore, hints can be
included when questions are posed to supply students with some
kind of help or explanation about the stem. As a result, this kind of
test can be used not just for assessment, but also for instructional
purposes. The first goal of this paper is to show how SIETTE can
be used for instructional purposes, by combining adaptive student
self-assessment test questions with feedback and hints. This paper
also shows that the Web is a feasible platform for the generation
of adaptive tests, supporting the use of SIETTE for this purpose.

Index Terms—Adaptive testing, intelligent tutoring systems,
Item Response Theory (IRT), student knowledge diagnosis,
Web-based learning systems.

1. INTRODUCTION

NY instructional process should be complemented with

assessments of the degree of assimilation of the topics (or
concepts) studied. In intelligent tutoring systems, assessment is
even more relevant, since these systems require some knowl-
edge information source to guide the instruction. Ideally, each
exam should be adapted to the personal circumstances of stu-
dent. In principle, from a practical point of view, adaptation can
only be carried out in environments in which the number of stu-
dents is very small.

Computerized adaptive tests (CATSs) represent an attempt to
automate this difficult task, since with them students can be as-
sessed independently. The main idea of a CAT is to act the same
way a teacher would [1] when he or she assesses orally. If a
teacher asks a student a question (so-called item) that turns out
to be too difficult for him or her, the next question to be posed
must be easier, and vice versa. One of the main disadvantages
of CATs is that items are modeled with probabilistic functions.
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The values of these functions are inferred from performances
of students that have taken this test nonadaptively. Accordingly,
in order to be reliable, a CAT generation system should be able
to collect valid student performance information to accomplish
this inference.

System of Intelligent Evaluation Using Tests for Teleedu-
cation (SIETTE) is a Web-based assessment environment that
arises from an attempt to merge CATs and Web technology. This
system can be accessed and tested at http://www.lcc.uma.es/
SIETTE. SIETTE generates and constructs CATs for students.
Once a student has finished a test, SIETTE returns an estimation
of the student’s knowledge level for each topic involved in the
test.

Test-based assessment is essential to achieve an optimal
learning process [2]. Although, in principle, tests are only used
for assessment, they can also be used for instructional purposes
because of self-assessment tests. In these tests, students are
also asked items. The main difference with other tests is that,
following the student’s response, the item correction is shown
within some feedback. This feedback provides the student with
the reasons why his or her answer is correct or incorrect. In the
case of an incorrect answer, a guide is supplied to identify the
correct answer. Therefore, by using this kind of test, students
are involved in a Socratic learning process [3] in which they
take an active part in their own learning instead of merely
receiving instruction passively.

This paper shows how SIETTE can be used to administer
self-assessment CATs. An overview of the SIETTE system is
shown, focusing especially on how the virtual student classroom
generates adaptive tests for self-assessment. In addition, and to
guarantee that SIETTE is a reliable CAT generation system, an
empirical study was conducted. This study compared item cal-
ibration using data collected through SIETTE with the calibra-
tion carried out using data collected through paper-and-pencil
(P&P) media.

In Section II, the theoretical fundamentals of SIETTE are pre-
sented in the CAT and the Item Response Theory (IRT). In Sec-
tion III, the architecture of the system is briefly depicted. This
section also includes a description about how CATs are gener-
ated in SIETTE. Section IV is devoted to the subject of language
processors. Section V shows the comparative calibration study
to evaluate the reliability of SIETTE. Section VI collects some
other Web-based testing systems currently available, focusing
on a brief description of their features. Finally, Section VII sets
forth the conclusions obtained from this work and the research
lines currently being followed.
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II. THEORETICAL BASIS
A. Adaptive Testing

A CAT is a measurement tool administered to students by
means of a computer instead of the conventional P&P format. In
CATs [4], the presentation of each item and the decision to finish
the test are dynamically adopted, based on students’ answers.
In more precise terms, a CAT is an iterative algorithm where
items are posed one by one. This algorithm starts with an initial
estimation of the student’s knowledge level and consists of the
following steps:

1) All the items in the knowledge base (that have not been
administered yet) are examined to determine which is the
best item to ask next according to the current estimation
of the student’s knowledge level.

2) The item is asked, and the student responds.

3) According to the student’s answer, a new estimation of his
or her knowledge level is computed.

4) Steps 1)-3) are repeated until the stopping criterion de-
fined is met.

CATs select the next item to be posed, depending on the es-
timated knowledge level of the student (obtained from the an-
swers to items previously administered). Selecting the best item
to ask (given the knowledge level estimated) can improve ac-
curacy and reduce test length. Different criteria can be used to
decide when the test should finish, depending on the purpose
of the test. A CAT can finish when a specified target measure-
ment has been achieved, when a fixed number of items have
been presented, when the time has finished, etc. Both the item
selection and test finalization criteria are based on well-founded
procedures that can be controlled with parameters that define the
required accuracy. Furthermore, each student usually takes dif-
ferent sequences of items, different items, and even a different
number of items.

The set of advantages provided by CATs over traditional P&P
tests is addressed in the literature [4]. The main advantage of
CAT is that it reduces the number of questions needed to es-
timate the knowledge level of the student, and as a result, the
time spent on it. Furthermore, an improvement in student moti-
vation is obtained. The estimation accuracy is much higher than
the estimation achieved by randomly picking the same number
of questions [5]. Tests are tailored to the particular features of
each student. Computerized administration allows the inclusion
in tests of a great number of item formats, taking advantage of
multimedia facilities, such as sound, video, and high-quality im-
ages. In addition, item selection, test finalization criteria, and the
estimation of the student’s knowledge level can be performed
efficiently and faster. Consequently, when students are offered
the choice between a P&P and a CAT version of the same test,
typically they prefer the latter option [5].

However, CATs entail some disadvantages, such as security.
Examinees can memorize test items and share them with other
future students. To overcome this problem, huge item pools are
needed, along with techniques to control item exposure and to
detect compromised items.

In CATs, the response model plays the most important role.
This model describes how students answer the items depending
on their knowledge level. Accordingly, this theory is used to

estimate the student knowledge level from the response to each
item. In addition, the response model can be used to determine
the next item to be posed and to decide when the test must finish.
In general, adaptive tests use IRT as a response model.

B. Item Response Theory

IRT has become the main basis of this measurement theory.
IRT [6] rests on two principles [7]: 1) the performance of a stu-
dent in a test can be explained by a set of factors called latent
traits, which can be measured by means of unknown fixed nu-
merical values and 2) the relationship between student item per-
formance and the set of underlying item performances can be
described by a monotonically increasing function called the item
characteristic curve (ICC). The ICC represents the conditional
probabilities of the successful answer to the item by a student
with a certain latent trait (#) measured in the domain of real
numbers. The ICC must be previously known for each item and
is expressed by means of a probabilistic function. In the field of
CATs, the latent trait is the knowledge level.

There are several IRT model classification criteria, for ex-
ample, in accordance with the number of latent abilities simul-
taneously measured, depending on the shape of the ICC, etc. As
a result, there are many IRT models. The model implemented
in SIETTE is one of the most commonly used, namely the three
parameters logistic model (3PL) [8]. The ICC in the 3PL is mod-
eled according to the following equation:

1
5 ()

Pi(0) = P(ui =1|0) = c; + (1 - a)m

u; = 1 indicates that the student has answered item ¢ correctly.
In another case (u; = 0), the probability is equal to 1 — P;(6).
This model receives its name because it is characterized by the
three parameters below.

1) Discrimination factor (a;): A high value indicates that the
probability of success by students with greater knowledge
than the item’s difficulty is higher.

2) Difficulty (b;): This parameter corresponds to the knowl-
edge level in which the probability of answering correctly
is the same as answering incorrectly.

3) Guessing factor (c;): This probability suggests that a stu-
dent without any knowledge will answer the item cor-
rectly and represents the case in which a student answers
randomly.

IRT has been successfully applied to the item selection mech-
anisms and the student’s knowledge level estimation in CATs.
The results obtained are independent of the tool used. This mea-
surement is invariant with regard to the sort of test and to the
individual who takes the test.

The main drawback of IRT is that the parameters of the ICC
must be previously known for each item. These parameters are
obtained initially from estimation techniques. The problem is
that these techniques use the performances of students that have
taken a test with these items nonadaptively.

III. SIETTE

As mentioned previously, SIETTE is a Web-based assess-
ment tool. By means of a Web browser, teachers can create and
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modify tests and items, and students can assess their knowledge
by taking these tests. SIETTE generates CATs; therefore, all the
steps of the life cycle of an adaptive test have been implemented.

A. Architecture

The architecture of the system [9] comprises the main compo-
nents of CAT-based systems. The following parts can be men-
tioned.

*  Knowledge base: Its contents are organized in subjects (or
courses). A subject is broken down hierarchically (in a
tree) in topics (or concepts), forming a curriculum. Items
can be defined or associated to the topics. SIETTE can
include different types of items [10]: true/false, multiple
choice, multiple response, fill-in-the-blank, etc. Test spec-
ifications are defined in accordance with the topics they
assess.

* The student model repository: This repository is a collec-
tion of student models. Each student model stores the in-
formation about a student’s test session (knowledge level
estimation, item posed, exposure time per item, etc.). The
test generator dynamically updates these data after each
response. The item calibration process can be carried out
from the information stored in the student models.

e Student classroom: This virtual environment is where stu-
dents take tests.

o Test generator: This component dynamically constructs
test sessions. A test session is a test tailor-made for a stu-
dent according to the specifications stored in the knowl-
edge base.

» External connections interface: SIETTE not only works
as an independent assessment tool, but also can be inte-
grated into other Web-based tutoring architectures as an
additional diagnosis module, providing well-founded as-
sessments.

* The authoring tool: This Web-based utility adds and up-
dates the contents of the knowledge base.

* Result analyzer: This utility allows teachers to analyze
the performance of students in tests. Moreover, this tool
provides a tool to consult the student models.

e [Item calibration tool: This module uses the information
obtained from the student model repository to calculate
the ICC parameters.

Two different user profiles can take advantage of SIETTE.
On the one hand, teachers can define subjects, structured in
topics with items, and specify tests, making them available to
students. They can also use SIETTE to make academic eval-
uations. In a controlled environment (such as a laboratory with
PCs connected to the Internet), students can be assessed with SI-
ETTE. The use of SIETTE has some advantages: tests tailored
to students’ personal features, automatic correction of tests, on-
line grading generation, few software requirements (only a Web
browser tool is needed), etc. To prevent cheating and unautho-
rized accesses, SIETTE incorporates several security mecha-
nisms, such as test access restrictions by groups, Internet pro-
tocol (IP) addresses, or users. Finally, they can analyze the per-
formance of the students that have taken tests. On the other hand,
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students may use SIETTE as a way to self-assess their ability in
the subjects taught by teachers.

B. CAT Administering

When a student begins a test, his or her student model is re-
trieved from the student model repository. If there is no previous
information stored about him or her (from earlier test sessions),
his or her student model is initialized as a constant knowledge
probability distribution curve.

During a test session, the next item to be asked of the student
is selected adaptively by one of the following alternatives (de-
cided by the teacher when preparing the test): 1) a Bayesian cri-
terion—starting from the distribution of the estimated student
knowledge, the selected item is the one that minimizes the sum
of the a posteriori variances resulting from a correct or incor-
rect answer to the item or 2) a difficulty-based criterion—this
method selects the item whose difficulty is closer to the esti-
mated knowledge level of the student.

In general, in CAT systems, when a test of multiple topics is
administered, the teacher must indicate manually the percentage
of items that must be posed from each topic. This manual opera-
tion is unnecessary in SIETTE because the adaptive item selec-
tion engine is able to make a topic-balanced selection by itself.
The selection procedure is accomplished in two steps [11]. First,
the topic for which the estimate of the student’s knowledge is
lowest is selected. In the second stage, the most informative item
from this topic is selected.

Once an item has been selected, it is removed from the set
of available items for this test session. Next, the item is con-
verted into a Web page and shown to the student. Optionally,
if included by the teacher in this item, the student may be pro-
vided with a hint. The goal of hints is to supply students with
some kind of help or explanation about the stem that will permit
them to answer the item correctly.

After each answer, the student’s knowledge level is computed
using a Bayesian method [12]. In this method, the a posteriori
probability distribution of the student’s knowledge (P(6|u)) is
calculated by Bayes’ rule. Thus, the estimation process can be
approximated to the following product:

P(6lu) = [ Pi(6)" (1 = Pi(#) ) P(Blus,...uim1) ()
=1

where P(f|uy,...,u;—1) represents the student’s knowledge
distribution inferred from the items previously answered in the
test, and u = wq,uo,...,u; is the pattern of an examinee’s
responses in the ¢ items of the test. Equation (2) gives a proba-
bility distribution curve as a result. The student knowledge level
is equal to the mode of this distribution.

The teacher sets the finalization criterion during the test cre-
ation stage. In the test preparation phase, he or she must first
indicate a minimum and a maximum number of items. When
this maximum number is reached, the test finishes, and the es-
timation at that point of a student’s knowledge level becomes
the final estimation. In addition, SIETTE offers the following
adaptive finalization criteria: 1) the most likely value of the es-
timated knowledge distribution is bigger than a certain threshold
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1. Introduction
Lexical Analysis
2.1. Lexical analyzer functionality
2.2. Lexemes, regular expressions and
tokens
2.3. LEX
3. Syntactical Analysis
3.1. Syntactical analyzer functionality
3.2. Syntactical Analysis types
3.3. HEAD and FOLLOW functions
3.4. LL(1) analysis
3.5. SLR(1) analysis
3.6. LR (1) analysis
3.7. Syntactical Analysis method
comparison
4. Grammar with attributes
4.1. Definitions
42. YACC
5. Semantic Analysis
5.1. Semantic Analysis functions
5.2. Type systems
6. Symbol tables
6.1. Trees

Fig. 1. Language Processors course structure.
or 2) the variance of the estimated knowledge distribution is
lower than a certain value.

Once the test has finished, the score obtained by the student is
shown. For each topic involved in the test, the student’s knowl-
edge level and a histogram with his or her estimated probability
distribution are provided. Finally, a diagram with the percent-
ages of items posed from each topic and the correction of all the
items of the test are supplied.

IV. THE SUBJECT OF LANGUAGE PROCESSORS

One of the subjects stored in SIETTE is Language Proces-
sors. This annual subject (divided into two semesters of approx-
imately 14 weeks per semester) is imparted during the seventh
and the eighth semesters in the Computer Science Engineering
School of the University of Malaga, Mélaga, Spain. The sub-
ject’s teachers have been using SIETTE as a complementary
academic tool since the second half of 2002, that is, during three
courses. At the beginning of the course, students are provided
with a username/password pair in SIETTE. All these pairs are
automatically generated by SIETTE and allow teachers to iden-
tify the students. The curriculum of this subject is depicted in
Fig. 1.

The primary goal of this subject is that students learn the most
important issues about compilers. As a consequence, by the end
of the course, students must have learned techniques about lex-
ical, syntactical, and semantic analysis. Likewise, they must be
able to construct a compiler for an imperative programming lan-
guage specified by the teachers at the beginning of the second
semester.

During each course, students were administered three test
exams. These tests are only accessible by the subject’s student
group. Teachers make these tests available during the exams and
restrict their access so that this access is available only by means
of the PCs located in the teaching laboratories of the school.

Fig. 2 shows the aspect of an item (and its correction) of one
of these tests. The window on the left shows a multiple-response

6.2. Hash tables
7. Memory management
7.1. Code
7.2. Static
7.3. Stack
7.4. Heap
74.1.
74.2.

Simple structures
Marked blocks
7.4.3. Buddy systems
7.4.4. Garbage collection
7.5. Dangling references
7.6. Padding
8. Code generation
8.1. Intermediate code
8.2. Basic blocks
8.3. Machine code
8.3.1.  Local strategies
8.3.2.  Global strategies
9. Code optimization
9.1. Local optimization
9.2. Global optimization
9.3. Machine dependent optimization

item with five options in the way it is posed to a student in SI-
ETTE. This item is composed by a stem and a set of five options.
In this type of item, the student has to select all the options he
or she considers correct. In addition, the student can request a
hint because this item has hints available. In an item, hints are
available when, below the stem, a hint button is shown. Hints are
only shown on student demand. The result of pushing the hint
button is that a little window (such as the one in Fig. 2) opens
showing the content of the hint. In the figure example, the hint
is used to clarify the meaning of the term “recognize” included
in the stem. Once the student submits the answers, they are cor-
rected. In Fig. 2, the window on the right shows how the item
correction is presented to the student in SIETTE. The appear-
ance of this Web page is very similar to the previous one. The
symbols used by SIETTE at this stage are a cross to indicate the
wrong answers selected by the student; a gray check mark to in-
dicate the correct answer that has not been selected; and a black
check mark to point out that the answer selected by the student
is correct. In accordance with the figure example, the student se-
lected two wrong answers (the third and the fifth ones) and did
not select the only correct answer (i.e., the first one).

Psychological evidence indicates that immediate feedback
after an error is the most effective pedagogical action [13].
In SIETTE, teachers can add feedback for each item answer.
When added, the feedback is shown under the correction of
the item (such as in Fig. 2). Feedback consists of pieces of
knowledge that help students eliminate misconceptions or learn
concepts unknown until that moment. There are two types of
feedback [14]: 1) negative feedback, used to correct a wrong
answer (e.g., a justification about why the answer is wrong) and
2) positive feedback, given to reinforce a correct answer. In the
right-hand side of Fig. 2, the student has made two mistakes,
and as a result, he or she has received negative feedback, shown
below the item correction.

A. Evaluation

During the first semester of the 2004-2005 course, two exams
of the first part of the curriculum were carried out. The first one
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are not recognized.

chains that do not belong to the language
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3 SIETTE - New question - Microsoft Internet Explarer E\@IE! 3 SIETTE - Solution to question - Microsoft Internet Explorer [;'E"g‘
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~ SIETTE Language 8
Language — - Processors
Processors
Solution to question number 3
Question number 3: To identify machines in the Internet, IP directions are used.
To identify machines in the Internet, IP directions are used. They are composed by four natural numbers separated by
They are composed by four natural numbers separated by dots. . i
dots. For example, the following IP directions are valid:
For example, the followng IP directions are valid: };gg;g%?sﬁﬁ
150.214.108.233 Rt
1eeistld Which ones of the following LEX expressions are correct in
. . . order to recognize these IP directions?
W:mh ones of the E:Hovn;ggdiEX cxp;essmns BRERIDeH (XTOTE: Even though IP direction ranges use number from 0
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: Even thou, ection ranges use number from "
to 255, in this exercise, this does not have to be taken into scaous)
account) E [0-SHA[0-S1HL[0-9]+H. [0-9]+
' [0-91+(.[0-90)(3,3)
[ [0-914.[0-91+\ [0-9]+. [0-9]+
-9 H
O [0-91+0[0-9D(3.3) X o5
0O [0-9.+ I [0-918)(4.4)
O (0-91+1)(4.4) i X fo-oup+
O0-sk & SIETTE - Hint - Microsoft Internet Explorer g
; No, smce the following names
~ :
S] E T T E m would be vahd: 1..2..3
il : 111...222
éj 4
When an expression recognizes a ™
language, this means that every language I | >
chain fits with the expression, and those i mMipc

Fig. 2. Posing of an item, a hint, the item correction, and its corresponding feedback.

was a test with hints and feedback about the topic Lexical Anal-
ysis. This test was administered before the Christmas holidays
and was taken by those students who wanted to take the test
voluntarily. At the end of the semester, a second exam was ad-
ministered. One of the parts of this exam was an obligatory test
about the same topic but this time without hints and feedbacks
and with different items than the former test. After a compar-
ative analysis of the performances of those students that took
both tests (i.e., 57 individuals), 60% of the students had im-
proved their knowledge level. Within this percentage, 10% of
the students improved their results by 50%; 25% demonstrated
an improvement between 50% and 25%; 30% an improvement
between 25% and 10%; and the remainder (60%) an improve-
ment of less than 10%. Certainly these results could be biased
by at least the three following factors.

1) A difference of two months existed between the admin-
istration of both tests. Thus, factors such as forgetfulness
or the possibility that some students had made a deeper
study of the subject must be taken into account.

The tests contained different item collections. An analysis
of the global test difficulty revealed that the second test
was more difficult.

Students knew a priori that, in contrast to the second test,
the results of the first test were not determinant for the
final qualification, that is, these results only would affect

2)

3)

the final qualification if they were better than the results
obtained in the second test. It is possible that, in the second
test, students might feel stressed, which might affect their
performances.

V. A FEASIBILITY STUDY OF WEB-BASED ADAPTIVE TESTING

SIETTE is a Web-based CAT generation system. Conse-
quently, its tests include items whose ICCs have been previously
calibrated through test session data administered nonadaptively.
For this reason, in this system, the support required to admin-
ister nonadaptive tests has been included, that is, fixed-length
tests assessed with conventional criteria such as the percentage
of items successfully answered. Accordingly, when a subject
is created, before administering CATs of its curriculum, a
nonadaptive test must be given. Using the results of this test,
calibration is completed, and CATs can be administered.

Although P&P testing is recognized as a good media to col-
lect data for calibration purposes, can the same be said about
Web-based testing? To answer this question, in 2002, a pilot ex-
periment was accomplished. The goal of this experiment was
to compare calibration results through a P&P test with calibra-
tion results through SIETTE. To this end, a subject of English
grammar fundamentals was constructed in SIETTE. This sub-
ject could be considered as part of a K—12 curriculum for stu-
dents with middle-school level. Within this subject, a test was
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created. This test assessed intermediate English grammar skills
and was simultaneously administered nonadaptively through SI-
ETTE and using a P&P media. The test contained just 20 mul-
tiple-choice items with three possible answers per item. For each
item, students had to complete a sentence written in the stem.
The answers were phrases or just words. Students had to select
the answer that best fit (grammatically) the sentence.

In SIETTE, students were recruited from different sources
(via e-mail, propaganda brochures, etc.) through the Internet and
three Spanish universities (the University of Mdlaga, the Poly-
technic University of Valencia, and the Autonomous University
of Madrid). Data were collected for about two months. Stu-
dents taking the test were mainly from Spain and other Spanish-
speaking countries.

Before the test was given to each student, a Web page with
an explanation of the experiment was presented. After that, he
or she had to fill in a questionnaire intended to collect some
personal information about him or her: gender, age, studies,
self-estimation about English level (the possible values were:
practically null, low, medium, high, or practically bilingual),
the origin of English language training, nationality, and mother
tongue. Other information collected internally was the date and
time of the connection to SIETTE, the operating system and
Web browser used, and finally the exposure time spent on each
item. Once this questionnaire was submitted, the instruction to
take the test was shown. Each student had a time limit of 20 min-
utes to complete the test. When the first item was shown, the
time countdown began. Items were always posed in the same
order. After the test finished, the final score (percentage of cor-
rect answers) was provided.

A total number of 2316 cases were collected, but after thor-
ough data analysis, only 1123 were considered valid for this
study. The data discarded contained fully blank tests, incom-
plete tests with too many omissions and very short time, possible
resubmissions of tests (this was detected by controlling the IP
direction from which tests were taken), etc.

These data were statistically compared, and the study re-
vealed that the P&P test and SIETTE samples differ in all the
variables studied, i.e., nationality, size, sex, age, English level,

Calibration result comparisons of (a) the difficulty and (b) the discrimination factor of a test item.
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Fig. 4. Global test performance comparison.

and education. Items were calibrated with these data. Results
showed that the difficulty of items was found to be very similar
in both environments [Fig. 3(a)], although the discrimination
factor varies in samples [Fig. 3(b)]. The correspondence be-
tween the parameters of the 3PL can be considered acceptable.
Globally, the results obtained in both samples were very similar
in terms of test performances (Fig. 4). This correspondence was
more evident when the whole test was considered. Therefore,
under certain conditions (i.e., in controlled environments), the
calibrations made with data collected through a Web-based
system are equivalent to calibrations made with data collected
using a P&P media. Consequently, the Internet can be used
for item calibration purposes, and accordingly, a system like
SIETTE can be considered as a reliable medium for CAT
construction.

VI. RELATED WORK

Most Web-based testing systems are nonadaptive commer-
cial tools. Despite being nonadaptive tools, some of them,
such as Intralearn (Intralearn Software Corporation, Northboro,
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MA), WebCT (WebCT, Inc., Lynnfield, MA), TopClass (WBT
Systems, Dublin, Ireland), I-assess (EQL International, Ltd.,
Livingston, West Lothian, U.K.), and C-Quest (Assessment
Systems Corporation, Helsinki, Finland), allow teachers to in-
clude only one piece of feedback per item. On the other hand,
the few Web-based tools that implement CAT, such as Mi-
croCAT (Assessment Systems Corporation, St. Paul, MN) and
TerraNova CAT (CTB/McGraw-Hill, Monterey, CA), do not
provide feedback and are not able to assess topics structured
in a curriculum.

Other instructional Web-based systems have certain adap-
tive assessment features. For instance, the lisp tutor ELM-ART
[15] owns a testing component that uses information about stu-
dent performance in previous tests to select the next question
to ask. In this system, teachers estimate item difficulty heuris-
tically. Medtec [16] is an intelligent Web-based tutor for basic
anatomy, where (nonadaptive) tests are generated automatically
based on the student model. In the hypermedia learning systems
presented in [17] and [18], fuzzy approaches are used to diag-
nose a student’s answers and to create and update the student
model. In both systems, the student model is used to select the
problem to be presented to the student.

In general, the selection of problems in all these systems
is based on the same idea: to select problems according to
their difficulty and the student’s performance (the better the
performance, the greater the difficulty). Even such a simple
strategy can result in tests that are challenging for students;
but, of course, the use of IRT further exploits this possibility,
achieving much better results.

VII. CONCLUSION AND FUTURE WORK

CATs represent a revolution in conventional understanding
about tests since teachers have the possibility of making indi-
vidualized assessments. SIETTE is a versatile Web-based CAT
generation system that provides well-founded assessment as a
result of the underlying IRT. Its availability through the Internet
facilitates access to the system to a large number of students.
Moreover, no additional software needs to be installed other
than a connection to the Internet and a Web browser tool. Mul-
timedia capabilities can be used in Web-based systems; items
with multiple formats can be easily included in tests, making
them more interesting and more entertaining.

Tests represent one of the most relevant features of current
learning systems [19]. In SIETTE, they can be used not only
for assessment, but also for learning from the self-assessment
tests. By using hints and feedbacks, students can participate
in an active learning process and can contribute to improving
students’ knowledge and detecting some possible misconcep-
tions. The effect of this feature has been evaluated in a sub-
ject about Language Processors imparted using SIETTE at a
Spanish computer science school. Currently, in SIETTE, mul-
tiple hints per item are allowed in such a way that once a
student pushes the item hint button, one of these hints is se-
lected randomly. In the future, these hints will be adaptive. The
hint shown will be the most adequate in terms of the estimated
student knowledge level [14].
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Before using SIETTE as a CAT generation system, its ade-
quacy as a CAT generation platform was studied. For this pur-
pose, an experiment with a subject of English grammar funda-
mentals was conducted. A nonadaptive test of this subject was
administered to two different samples at the same time through
SIETTE and using a P&P media. Data collected from the SI-
ETTE sample were filtered, and invalid data were discarded.
Later, item calibration was accomplished independently, on the
one hand, with the results collected by P&P media, and on the
other hand, with the filtered results of SIETTE. Results showed
that there is no significant difference between administering a
test for calibration purposes using P&P techniques and using
SIETTE (in controlled environments).

At this time, the student model repository contains informa-
tion about more than 15000 test sessions, and the knowledge
base of SIETTE contains 84 subjects, 1852 topics, 3820 items,
and 220 tests. Most of these subjects include courses from the
computer science engineering school, the telecommunication
engineering school, the philosophy faculty, and a postgrade
Master’s of Computer Science applied to mobile communi-
cations; all of them were from the University of Malaga. For
this reason, access to most of these subjects is restricted to
their corresponding students. These students use SIETTE for
self-assessment, although it has also been proven successful
for academic assessment purposes in subjects like Language
Processors. Finally, a demo subject exists, which contains a
collection of tests designed to show the capabilities of SIETTE
and its types of items. All these tests are freely available.
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