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Abstract /7 This paper presents a methodology
evaluation of training executed by Web. It is ateliigent
evaluation procedure that allows to classify a tee

ofnonitoring if specific important tasks are executadthe
right sequence. With all these information, theezkgystem
can construct a profile for trainee and emit rettva

learning using a fuzzy rule based expert systeme Tinformation about his performance in some pre-aefin

methodology proposed uses statistical measuretistatal
models and appropriate statistical hypothesis teggstio
compare statistical measures and model parametarzzy
measures, statistical measures and parameters

probability of significance from statistical teggin of
hypothesis are used as input for a fuzzy rule basqubrt
system to construct a profile for trainee. Fuzzjesuare
modeled by membership functions according to

specifications: sequence of tasks executed by t&xped
statistical measures from execution of correct pohoes
according to experts.

Index Terms// Fuzzy expert systems, Intelligent trainingg

evaluation, Statistical methods, Web based edutatio

INTRODUCTION

There is a big problem in distance training or afise
learning: the form of evaluation. Several discussigoint
out advantages and disadvantages of methodologids
suggestions about how to introduce evaluation corepts
[7] in distance learning [8]. There are automaticl &emi-
automatic evaluation systems for analysis of sttgldéog

files and creation of a profile for evaluation [28h this

category we can find systems which trace studawcti®ns
over specific topics or utilized resources. Othatams [22]
do the evaluation using tests, exercises, quized

questionnaires. Brusilovsky and Miller [2] use Ibezsts and

t

categories of training.

BACKGROUND

aq%ere are many examples of training systems by \8eme

of them are informative systems with several wetpegawith

a lot of information about a specific subject as, éxample,
Wthe websiteElectronic Music Interactiveat University of
8regon [27]. In several cases, informative systelmsnot
present any form of evaluation. Their function iy to
transmit knowledge using massive multimedia ressairc
[18]. Others are realistic-based training usinghkigsolution
raphics and permit direct interaction simulatirsgydo-real
actions over mechanisms [23]. Some of those systewe

an evaluation system close to the training syst&ime
evaluation system collects relevant variables dunirser
interaction by Web.
Some methodologies have been proposed for evatuatio

in simulated training. McBeth et al. [15] proposed
anethodology to evaluate medical procedures usingjcba
statistics. Pucel and Anderson [23] developed
computational ophthalmic simulation to test a peiso
ability to perform psychomotor tasks using basitistics
too. Recently, Machado and Moraes [10]-[12] Machado
Moraes e Zuffo [13] e Moraes e Machado [19]-[21]
proposed advanced statistical techniques or toated on
afuzzy logic to evaluate training based on virtuahlity
simulators [3]. Those systems are capable to dddieecific

a

a system with some intelligence to do not repeatste data from training execution and to compare themaaolels

applied before or to evaluate answers.

Unfortunately, these methodologies are
because they use short pre-defined evaluationsn Een
the questions are presented randomly or
intelligence, they are finite. Other limitation that the
student can not execute effectively the procedorrevhat he
is been trained.

In this paper, we introduce a new approach by Heeaf
an automatic evaluation system for training exetuse
distance. Several measures from user interactidraining
executed by Web are used as input for a fuzzy baked
expert system [17]. Besides that, the expert systambe
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(statistical or logic) pre-defined that are calleldsses of

incipienperformance. For example, five models can correggon

five classes of performance in trainigu need much more

use sofmaining, you need more training, you need trainirygpur

training is goodor your training is excellentl3].

In several of those works, it is showed that with
modifications some techniques can be generalized fo
applications in training executed at distance. fhat cases,
we propose a new evaluation technique using a fexpert
system. A fuzzy rule based expert system uses fuzzy
measures and statistical information from traimuagiables
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as input to construct a profile for trainee. Thipert system
can classify the trainee into classes of training.

All  information (statistical measures, statistical
parameters, statistical decisions, probabilitiesighificance
and fuzzy measures) is used as input for a fuzley based
expert system. Experts predefine the rules of thizy
expert system with objective of creating a userfilgro
Fuzzy rules are modeled by membership functionsraaay

THEORETICAL ASPECTS

In this paper we use a set of theoretical aspstasistical
22??)[:1?;3a:dseT?)?esltsa{t'fsl:'chll r?]itssa:]eds i)éﬁguzySﬁgrs' to following specifications, according to experts:
: : ISt ure bd » Sequence of tasks executed,;
general purposes as mean, median, mode, standard Statistical measures  from
deviation, etc [25]. Besides, we also use statisticodels .

procedures;

based on regression analysis to modeling lineaat] non- . Statistical models f i £ training byest
linear [24] sequences of performance in task exatuin an?:i Ifrc'll(i:r?eerg(') els from execution of training bypexs

some cases is interesting to use statistical tirages o . L _ )
analysis to perform better statistical models uging as a *© Stalistical decisions from statistical testing gpothesis
and probability of significance, respectively.

variable [1]. Statistical measures and statistgalameters : )
Experts supply their knowledge for the constructidn

of models can be compared using appropriate $tatist - o
testing of hypothesis: nonparametric [9] or paraimdLé]. the expert system. However, some numerical charstits

As results of these comparisons, we have stafistegisions and comparative forms are very difficult to be stated in

about equality or difference between parameters andules: So, statistical information can be acquifiedm
measure of probability of significance. previous execution of procedure by experts. Theséestcal

As it is possible that some variables in virtuallaado ~Measures and parameters are introduced in thetesyseem
not present an exactly correspondence to the realdw as complementary information to refine knowledge.
some measures can not be exact. Then we must zBg fotatistical models from expert executions are wsethodels
sets to measure those variables [6]. These fuzighlas are ©f comparison with models generated by traineetissitl
measures based on membership functions previoesiyedl €Sting Of hypothesis is used to calculate probigbuf
by experts. difference between trainee’s model and experts’ehothat

A fuzzy rule based expert system combines logicallly informatic.)n. serves as sgpport for the final decisad the
information about fuzzy and non-fuzzy variablesmaking USErs training classification.

decisions about complex conjectures [26]. Fuzzyeexp Itis interestiljg to note that the combinationtr_aitistical
system uses logical rules as: models and testing of hypothesis can be considarpde-

classification or a pre-evaluation. From this cdesation,
the evaluation system proposed in this paper islaino
two-stage evaluator, as proposed in [10]. In fads not a

whereA, B, C andD are fuzzy sets. It is important to notePure two-stage evaluator, since part of the infdionais not

execution of correct

IFAAND BORCTHEND

that a crisp set can be interpreted as a fuzzyw#ét a
particular membership function [29].

The connectives AND and OR are implemented by a

norm and a t-conorm, respectively [5]. The impiizat
operator THEN is implemented by t-normnin. This

used by the first stage.

This way, the expert system presented must conisiruc
profile for trainee using information collected tno his
training and it can classify the trainee into osssof
training. In this work, we use five classes of riag,

particular configuration of operator characterizefuazy

according to [13]:
inference engine called Mandani type [14]. *

your training is excellent— trainee is qualified to
execute a real procedure .
* your training is good- trainee is almost qualified to
execute a real procedure. Performance is goodijtbut
can be better.
you need training— trainee needs training to be
gualified. Performance is regular.
you need more training trainee needs more training to
be qualified. Performance is bad.
* you need much more training — trainee is a beginner
Performance is very poor.

EVALUATION SYSTEM

From a realistic-based training by web, we canectll .
several information about user interaction. Seqgeent
executions, measures, etc., can be relevant infmméor
an evaluation system. In web-server all interastioan be
recorded in specific log-files. From these filestistical and
fuzzy information can be obtained.

In this paper, we propose a nhew conception for an
evaluation system of training executed by web u$imyy Figure 1 shows the blocks diagram of the evaluation
rule based expert system. This system uses gtatistisystem. User executes a realistic-based trainingwbip
measures, statistical parameters, statistical idesis interacting with the system. The interactions amniored
probabilities of significance and fuzzy measuresnast for by modules, which can make measures, modeling and
a fuzzy expert system. testing of hypothesis. A fuzzy rule based expewtesy



receives that information and it can classify traning in [6]
predefined classes of performance. The final diaasion is

returned to the user. [7]
User S [8]
)
Interactions 9]
|Web—based Training ‘ [10]
v
v . v v

Fuzzy Statistical | | Statistical | | Testing of
Measures | | Measures Models | |Hypothesis
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Fuzzy Rule Based Expert System
| [12]
Classes of Performance |-
[13]
FIGURE. 1
DIAGRAM OF THE NEW EVALUATION SYSTEM PROPOSED FORRAINING
EXECUTED BY WER
[14]
CONCLUSIONS

[15]

In this paper, we introduced a new approach ofuatain
for training executed at distance by use of an raat
evaluation system. This methodology uses measomedels
and statistical decision making from user intemttdata ;g
collected over training executed by Web as inputaféuzzy
rule based expert system. From this informatios, ekpert
system can classify a trainee into pre-definedgrates of
training.

However, this approach can not be used in any &fd
training system by Web. To apply correctly thigig
methodology it must be used over a realistic-bassding.

In this kind of training system, it is possible twllect
information about user interaction.
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