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1. Introduction

Generally, educational activities consist of teaching and learning processes. Teachers
disseminate knowledge towards learners through teaching processes, while learners acquire
knowledge through learning processes. The purpose of teaching methods is to facilitate the
settlement of teaching-learning relations between the dual teaching and learning processes.
A teaching process is really working if and only if the associated learning process is
working. Therefore, we are successful in teaching if and only if our partners (students,
colleagues, etc.) obtain successes in learning (Prodan, 1996). These assertions are true in all
educational contexts, from traditional face-to-face courses to new electronic educational
environments offered by e-teaching and e-learning technologies. In a face-to-face course,
pedagogical virtue is mainly radiated by physical presence of a good teacher. This is the
reason why our approach to e-learning is so called blended learning, which combines
traditional face-to-face and computer-based learning, with focus on principles of active
learning.

The main goal of our work is to improve the teaching-learning relation by means of e-learning
tools. For this purpose, we used Java and XML technologies to implement practical and
intelligent e-learning tools (Prodan et al., 2002, 2004, 2006, 2008, 2010), which we began to
incorporate in a Moodle based e-learning system (Martinez & Jagannathan, 2008).

We started our researches concerning e-learning technologies in the last years of the
previous century, when we created a pool system consisting of e-courses to be used in a
context of open learning. We observed that open learning is the most important component
of the real learning, because the real learning is achieved for the most part through open
learning. In an open learning context, learners have more control, they have the freedom to
choose where, when and how to learn, each learner having his own pace. The benefits are
for both slower and faster learners. The foreign students learning in a second language have
extra time they need to understand the meaning of words by using dictionaries. However,
we considered this new type of open learning not as a substitute, but as a supplement for
traditional learning (Prodan, 1998).

We rely on new paradigms of artificial intelligence (Bayesian Inference, Case Based
Reasoning and Intelligent Agents) for creating e-learning scenarios to be used in a context of
active learning. An e-learning scenario combines simulation and interactive visualization
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48 Methodologies, Tools and New Developments for E-Learning

and allows the learners to explore the knowledge bases with some well-defined learning
purposes. For each application object, our system contains a simulation class and a
visualization class. These classes are then configured to obtain a particular simulation with a
specific visualization. In an e-learning scenario, visualization is an active part of the system,
serving as an additional interface for modifying dynamically some parameters. The
simulation and visualization classes are coded in Java, using XML format to describe the
configurations for both the components and their relationships.

We use Internet as communication support in our e-learning technologies. Internet provides
a general communication space, which we use as the base line infrastructure for creating
e-learning spaces. We created e-learning spaces around various subjects, such as biostatistics
(Prodan et al., 2004), pharmaceutical botany, analyzing medical images (Prodan et al., 2006,
2008, 2010), etc. Previously, each teacher used a private e-course organizational structure for
learning management.

The main final result will be a student-centred, cost effective, Moodle based e-learning system
(Martinez & Jagannathan, 2008), supporting the benefits of blended learning pedagogical
models (Francis & Raftery, 2005) and allowing to improve the teaching-learnig relation.

In section 2 we present a short literature review for some e-learning tools we intend to
consider in our effort to enhance the teaching-learning relation. In section 3 we propose an
e-learning environment based on a Java framework for designing and implementing
e-learning tools. Section 4 shows some results and experiments with e-learning scenarios
and finally section 5 states some conclusions and future work.

2. E-learning tools

E-learning comprises all forms of electronically supported learning and teaching, the support
being provided usually by e-learning tools. In the teaching-learning equation, the learning side
is more important. This is the reason why the word “e-learning” is more frequent used than
“e-teaching”. Generally, the efficiency of the learning depends on teaching-learning relation
and we think that it is possible to improve this relation by e-learning tools. We use Java and
XML technologies to create original e-learning tools and we think the best way to follow for
improving the teaching-learning relation is by using electronic portfolios and by incorporating
all these e-learning tools in a Moodle based e-learning system. The subsection 2.1 illustrates
some general ideas about electronic portfolios, while subsection 2.2 presents the reasons why
we decided to approach a Moodle based e-learning system.

2.1 Electronic portfolios

Our students have different backgrounds, interests, levels of motivation and approaching to
studying, therefore we considered that open learning is adequate to them. To improve the
teaching-learning relations, we included electronic portfolios in our e-learning technologies.
The Java framework provides the infrastructure for preparing e-learning scenarios based on
practice and real world experiences, as practice is essential in learning activities. Our
e-learning scenarios promote active learning, forcing the students to take part in real world
activities, simulated on computer.

To better the human contact between students and instructor, we approached new strategies
labelled as blended learning, combining e-learning and traditional face-to-face classroom
instruction, with a focus on active learning. We implement e-learning scenarios relying on
learner centred paradigm, where learners are encouraged to develop skills and strategies in
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their own way. Learning is not considered simply as an outcome of teaching, because it is an
activity having as input the results of teaching and training. Blended learning should be
viewed as a fundamental redesign of the instructional model. A blended learning context
can provide the independence and increased control essential to developing critical
thinking. Along with the increased control that a blended learning context encourages is a
scaffolded acceptance of responsibility for constructing meaning and understanding
(Garrison & Kanuka, 2004). To be a critical thinker is to take control of one's thought
processes and gain a metacognitive understanding of these processes, i.e., learn to learn.
In education, portfolios are described as a meaningful collection of students' work stored in
a traditional folder (Farr, 1990). There are various types of portfolios, organized according to
the purpose they are used for:
e Learning portfolios - used for supporting the learning processes and the on-going
professional development;
e Teaching portfolios - used for supporting the teaching processes;
e Assessment portfolios - used in evaluation processes;
e  Employment portfolios - used in seeking jobs.
The electronic portfolio was introduced later and represents the same collection of students'
work, only this time the storage is not the traditional folder, but an electronic storage
environment, such as web pages, files organized in folders and stored on a CD or on a
dedicated server, etc (Barret, 2001). An electronic portfolio simply means that the portfolio is
technology based. There are many benefits of electronic portfolios, versus traditional
portfolios. Electronic portfolios take up little physical space, can hold a great deal of
information and may be accessed with minimal effort. A learning portfolio is a collection of
student work over a period of time, resulted from activities in the e-learning environment.
Electronic portfolios may improve the teaching-learning relations (Rusu & Prodan, 2006).
The students have a constant project to work on being actively involved in the learning
process, and their motivation has increased visibly. Both the teachers and the students
agreed that portfolios provide a better assessment than the traditional testing: learners can
have their learning process assessed and are offered the chance to reflect on their own work.
Portfolios allow constructive feedback from tutors, increasing cooperative learning and
students” motivation. Portfolio assessment helps students enjoy the assignments, while
enabling them to learn more easily and take an active part in their development.

2.2 Moodle based e-learning environment

This year we decided to approach Moodle in our e-learning environment. The main reason
for such a decision is that Moodle was meant to embody better a student-centred paradigm,
enabling to improve the teaching-learning relations. Moodle is an open source LMS
(Learning Management System), so we benefit from the availability of the source code and
the right to modify it. Also, Moodle gives us a lot of flexibility and is inexpensive, allowing
us to face the present-day budget crisis. Other important qualities of the Moodle result just
from his title. The word Moodle is an acronym, standing for Modular Object-Oriented
Dynamic Learning Environment. Being modular, we can add and remove modules,
considering our actual needs and requirements, and our previous experience. The
programming paradigm used in Moodle is Object-Oriented as in Java. We created in Java an
e-learning infrastructure and e-learning scenarios, focusing on real life objects. It is no
difficult to move all our Java classes into Moodle, the programming paradigm being the
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same. Moodle is a powerful tool able to provide dynamic web pages, employed to create
dynamic teaching-learning relations. In our previous e-learning experiments, we used this
valuable characteristic. To implement the e-learning scenarios, we used Java technologies
for dynamic processes and XML technologies for dynamic content (data and documents).

A valuable pedagogical advantage of the Moodle, arising at both teaching and learning
level, is constructivism. Teachers construct their own teaching strategies and cooperate for
enhancing these strategies, using a feedback with reactive suggestions. Also, learners use
e-learning modules that allow peer to peer interaction and cooperation, acting and thinking
cooperatively.

3. E-learning environment

We defined and implemented a Java framework for designing and implementing intelligent
and practical e-learning tools, to be used by both the students and the teaching staff in a
context of open learning. This framework provides the infrastructure for preparing
e-learning scenarios based on practice and real world experiences, as practice is essential in
learning activities. Our e-learning scenarios promote active learning, forcing the students to
take part in real world activities simulated on computer. Also, we designed e-learning tools
based on bootstrapping methods (which are quite valuable for reasoning in uncertain
conditions), with the purpose to simulate laboratory experiments in both didactic and
research activities.

An e-learning scenario is in fact like a traditional lesson, and the ideal solution is to simulate
a teaching-learning relation with a virtual teacher able to interact with the learners and to
instruct them (Prodan et al., 2008). A good traditional teacher learns all the time from
previous didactic experiences. Based on this historical feedback, the teacher exploits prior
specific successful episodes, and avoids prior failures. We introduce a similar feedback
mechanism in our technology of elaborating e-learning scenarios (Figure 1). The feedback
information, collected from learners’ remarks and from prior results and successes, is stored
in case bases. The relevant cases are retrieved and adapted to fit new situations from new
e-learning scenarios, or to improve the previous ones. In addition, our approach in creating
an e-learning scenario relies upon a special sort of goal oriented intelligent agents

Intelligent and practical e-course

{ Java technologies ’

Feedback

Java XML and CBR based
libraries knowledge bases

The Infrastructure

Fig. 1. The generation of the e-learning scenarios.
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(Nwana, 1996), able to incorporate knowledge, teaching methods and pedagogical
characteristics into e-courses (Kanuka 2008). We intend to implement a simulation of some
intelligence based actions and initiatives, that are to be incorporated into e-learning
scenarios, with the purpose to map, to plan and to monitor the pace and the progress of a
learning process. Following the traditional model, the cases of positive experiences from
previous e-learning scenarios are stored into case bases created with XML and CBR (Case-
Based Reasoning) technologies (Leake, 1996).

An e-course consists of a set of e-learning scenarios, each e-learning scenario being generated

by virtue of some well-defined learning objectives. To generate intelligent and practical e-

learning scenarios for a particular e-course, we created first a particular infrastructure

containing the knowledge from particular domains of the target e-course. For this purpose, we
generated consistent Java and XML based knowledge bases, containing integrated knowledge
of the best teachers. In addition, we implemented in Java a set of simulation algorithms
describing real world phenomena, processes and activities we have to include in e-courses.

When generating a new e-learning scenario, we use a feedback mechanism based on our

historical experience from previous e-learning scenarios (Figure 1). Also, we use Java

technologies to generate intelligent and practical e-learning scenarios, based on new Al

(Artificial Intelligence) paradigms, such as Case-Based Reasoning, Bayesian Inference and

Intelligent Agents (Prodan et al., 2006, 2008, 2010). A learner can access the e-course and

launch an e-learning scenario either locally, or via WWW in a context of distance learning.

When generating an e-learning scenario, we focus on pedagogical context and have all the

time in mind the following pedagogical characteristics:

e Friendly interface - When the learners have the initiative to enter the e-course, a
teaching-learning relation is initiated through the user interface. Hence, it follows that if
our purpose is to facilitate the learners’ access to knowledge, our system provides a
friendly, easy to learn, efficient and agreeable graphical user interface.

e  General information - When a learner enters for the first time into an e-course, we
have to visualize some general information about that e-course, the objectives of the
e-course, specific information about e-learning scenarios and how to use them.

e Objectives - Each e-learning scenario is generated by virtue of some well defined
learning objectives. When a learner launches a particular e-learning scenario, it is
necessary to visualize the objectives corresponding to that scenario. By doing so, we
help the learners to see what it is expected to be able to do after they will traverse the
respective e-learning scenario.

e  Orientation facilities - When the learners use e-learning scenarios to navigate in an
ocean of information and knowledge, browsing through XML based knowledge bases
and hyperdocuments, they want to know at any time their position. We implement in e-
learning scenarios many techniques to facilitate the navigation, such as maps, marked
routes, bookmarks, diagrams, queries, etc.

e Layered structure - An e-course has a layered structure from simple to complex,
allowing each learner to access an optimum layer, depending on his purpose and
previous knowledge.

e  Customization - The functionality of an e-learning scenario is adapted to ability and
purpose of each learner. Customization can be either static or dynamic. Static
customization is an easy task, being carried out by a set of parameters before run time.
Dynamic customization is more difficult, because it is necessary to collect information
about learner during e-learning scenario execution.
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e Global and local coherency - To improve global coherency of an e-learning scenario,
we implement adequate visualization and orientation techniques. As concerning local
coherency, each link must have a well-defined destination and it is necessary to
minimize the fragmentation, to avoid the confusion and getting lost.

e Learning by doing - We think that practice is essential in learning activities, because
learning by doing increases substantially the effectiveness of learning processes. We
elaborate practical e-learning tools, allowing the learners to work on experiments with
real world items.

e Active learning - The experienced learners can take part in activities of design and
elaboration of some particular e-learning scenarios for beginners.

e Homework assignments - Previous studies show that most traditional learners
appreciate the homework assignments. However, in traditional teaching-learning
relations, the teachers do not have the means to react properly to the individual
problems the learners have when working out the assignments. This problem is
overcome in case of a simulated teaching-learning relation, because the virtual teacher
is always present in a running e-learning scenario.

e  Virtual teacher evaluates the solution - Before the final solution is sent to the virtual
teacher, each learner can obtain some hints and suggestions to handle the problem.
After the final solution is sent, the learner gets the outcome for self-evaluation.

3.1 Stochastic modelling and simulation

We approached e-courses in domains of biostatistics, stochastic modelling and simulation,
using as infrastructure a set of Java class libraries for stochastic modelling and simulation,
created and implemented by us (Prodan & Prodan Radu, 2002). The papers (Prodan et al.,
1999, 2000) demonstrate the advantages of stochastic models for representation of real world
activities and focuses on a Java package, which includes a collection of classes for stochastic
modelling and simulation. In order to employ mathematics and statistics to analyze some
phenomena processes and activities of the real world, we first construct a stochastic model.
Once the theoretical model has been constructed, in theory we are able to determine
analytically the answers to a lot of questions related to these phenomena and processes.
However, in practice is very difficult to get analytically the answers for many of our questions.
This is the reason why we must implement the probabilistic mechanism using a programming
language, then to perform a simulation study on a computer. Due to actual spread of fast and
inexpensive computational power everywhere in the world, the best approach is to model the
real phenomenon as faithfully as possible, and then rely on a simulation study to analyze it.
We created and implemented a collection of Java class libraries for stochastic modelling and
simulation. The stochastic models constructed accurately represent real world phenomena
processes and activities, particularly in medicine, pharmacy and health care. We use these Java
libraries as an infrastructure to build intelligent and practical e-learning tools, integrated in an
electronic educational environment.

We have considered three levels of simulation. The first level consists of simulating random
numbers, as they are the basis of any stochastic simulation study (Figure 2). Based on the
elements of the first level, we created a second level of simulation applied for distributional
models, stochastic processes and Monte Carlo methods. We implemented a hierarchy of
Java classes which model the classical distributions and we created a collection of Java class
libraries for stochastic modelling and simulation (Prodan & Prodan Rodica, 2001).

www.intechopen.com



E-Learning Tools as Means for Improving the Teaching-Learning Relation 53

( Stochastic Modelling Applications |

LEVEL 3

(Monte Carlo Methods [Stochastic Processes

1 A

[Classical Distributions ’

LEVEL 2

[ Random Number Generation

LEVEL1

Fig. 2. The simulation levels.

The first two levels of simulation are the basis for the third level, which is devoted to
applications. We used distributional models, stochastic processes and Monte Carlo methods
to implement some stochastic modelling applications that accurately represent real world
processes, phenomena and activities, particularly in medicine, pharmacy and health care
(Prodan & Prodan Rodica, 2001; Gorunescu et al., 2002).

3.2 Java infrastructure for distributional models

The classical random variables are the simplest stochastic models, also called distributional
models, which enter into the composition of other complex models. We propose a hierarchy
of Java classes for modelling the classical distributions. Each distribution class encapsulates
a particular simValue() method (Figure 3).

[ Binomial(n,p)] Distribution (Exponential(y)
simValue() simVailue() | simValue()
[ Poisson() | , [Normal(p,c)
simValue() [ Discrete Continuous simValue()

, l simValue() | | simValue() - -
Geometric(p) | [ Gamma(i,k)
simValue() simValue()

— )
Uniform(n) Weibull{x, B)
simValue() simValue()

Fig. 3. The hierarchy of Java classes for distributional models.

Each distribution is determined by a set parameters and a distribution function. Based on
these elements we defined a Java class for each distribution, obtaining a generic
distributional model (Figure 4). This Java class is used to create one or more objects, which
are instances with particular values for parameters. Also, a simulation algorithm is defined
for each class, which is able to generate a specific value for the corresponding distribution.
So, there is a set of simulation algorithms belonging to the whole hierarchy of Java classes,
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these algorithms being implemented via the polymorphic method called simValue(). The
particular implementation of the simulation algorithm for each class is based on one or more
of the following techniques: the Inverse Transform Technique, the Acceptance-Rejection
Technique and the Composition Technique (Ross, 1990).

Distribution class

parameters
SimValue() metho

Fig. 4. The generic distributional model.

The hierarchy of Java classes for modelling the classical distributions is included in a JAR (Java
ARchieve) library. To generate a single value from a particular distribution, it is necessary to
import the corresponding distribution class from the library, then to instantiate an object of
that class, and finally to call the polymorphic simValue() method based on this object (Figure
5). An instance of a particular class can be used to simulate a sequence of values for the
corresponding random variable, by calling simValue() as many times as needed.

Distrib jar

—

package Distrib m
—]

DistribBinormial impaort Distrib. ™,
DistribPoissaon ---
DistribGeometric Distrib. DistribExponential disE = new DistribExponentialilambda);
DistribDiscUnifarm ---
DistribDiscGeneral X =disE. simWalue(]);
DistribExponential .-

DistribGamma
DistribMarmal3

DistribMorrmal -

DistribWWeibull

Fig. 5. The import of the distribution classes from the JAR library.

To make a simulation study for a distribution, it is necessary to generate more values, a
sequence of values. One may choose to continually generate additional values, stopping when
the efficiency of the simulation is good enough. Generally, one may use the variance of the
estimators obtained during the simulation study to decide when to stop the generation of
additional values. For example, if the objective is to estimate the mean value p=E(X;),i=0, 1, 2,
..., one may continue to generate new data values until one has generated a number of data
values for which the estimate of the standard error is less than an acceptable value.

3.3 Bootstrapping e-tools for simulating laboratory works

Laboratory works play a fundamental role in learning environments, allowing learners to
operate on experiments with real world items. Practice is essential in learning activities,
because learning by doing increases substantially the effectiveness of the learning processes.
Practical exercises are designed to prompt conceptual reasoning and critical thinking which
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prompts the application of science to everyday situations. Heavy emphasis is put on detailed
laboratory reports, written answers to exercises, completed homework assignments, tests and
group work. Often we must repeat the same laboratory experiment many times, to make our
utmost for all the students to participate and watch it. Students learn to ask questions, design
experiments and analyze data, facts and theories. Also, statistical methods play a
fundamental role in our university’s didactic and research activities. Both the students and
the teaching staff use traditional statistical methods to infer the truth from sample data
gathered in laboratory experiments.

However, there are some reasons to minimize the number of laboratory experiments. In
some cases, the repeated laboratory experiments mean the consumption of a great deal of
substances and reactants. In other cases, there is a range of ethically motivated reasons to
reduce the number of animals (frogs, guinea pigs, etc) used in experimentation. As the
previous conditions are quite contradictory, we have to search for a solution that balances
them. We perform an actual laboratory experiment only once for each group of students,
then we repeat the same laboratory experiment by simulations as many times as necessary,
each student being able to take part in analyzing data, making exercises and inferences.

We implemented bootstrapping methods into software tools, as applications in our simulation
system (Figure 2), with the purpose to simulate laboratory experiments in both didactic and
research activities (Prodan & Campean, 2005). Usually, the result of a laboratory experiment is
a set of output values vy, v, ..., v, named original, or actual sample. The experimenter
(student, teacher, or researcher) uses this sample to perform data analysis and statistical
inferences, then to draw conclusions. Bootstrapping methods involves repeating the original
data analysis procedure with many replicate sets of pseudo-data. We implemented a general
discrete distribution (Figure 10) to generate sets of pseudo-data, based on original set of data
V1, Uy, ..., Un. By resampling the original data, we generate artificial samples on which we make
inference of interest as for the original sample. Using a bootstrapping e-tool and the computer
power, the experimenter can repeat the original experiment without any consumption of
substances and reactants, and without use of animals, obtaining pseudo-data as plausible as
those obtained from the original experiment. Our bootstrapping tools use the computer power
to obtain reliable standard errors, confidence intervals and other measures of uncertainty for a
wide range of problems. Moreover, the bootstrap can produce a more accurate confidence
interval than would produce based on normal approximation.

4. Results and experiments

In the first phase of our research we designed and implemented a hierarchy of Java classes
for distributional models which we included in a JAR library, to be used as an infrastructure
for stochastic modelling and simulation. We present in subsection 4.1 the main distributions
we implemented in this library. Based on this infrastructure we created e-learning scenarios
to be used in a context of active learning, relying on practice and real world experiences.
Subsection 4.2 shows some of these e-learning scenarios.

4.1 The implementation of distributional models

We implemented a hierarchy of Java classes for distributional models (Figure 3). Java is the
standard programming language for Internet applications (Prodan & Prodan Mihai, 1997);
this is the reason why we used this language to create the infrastructure for e-learning
scenarios. We present below Java classes implemented for some distributions, as well as
simulation examples.
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Binomial distribution

package Distrib;
public class DistribBinomial extends DistributionDiscrete {
public DistribBinomial(int n, double p) { // Constructor

this.n = n;
this.p = p;

}

public double simValue() { // Simulation of a value
double U, rap, pp, F;

U = Math.random();
rap = p/(1-p);
pp = Math.exp(n*Math.log(1-p)); // probability X=i
F = pp; // F(i)=P{X<=i} distribution function
double k =0;
while (U > F) {
pp = (rap*(n-k)/ (k+1))*pp;
F=F + pp;
k++;
}
return k;
} // simValue()
public double initRecursion() {// Initial value for recursion
return Math.pow(1-p, n); // P{X=0}
}
public double valRecursion(int k) {// Value for recursion
return (double)(n-k)*p/(k+1)/(1-p);
}
int n;
double p;
Y17

Mumber of generated values: 191

Mean: 3.03664921 46596866

Yariance: 1.9091 TEOB15651 6EE

Standard Deviation: 1.381 729380727343

Standard Error; 00399784291 2807293

Variation Coefficient: 0. 455017 77382572836

5% Confidence Interval; (2.840691 493868664, 3232606925750 7095)

46 51 4

o1 2 34 5 B ¢ 8 10 17 1 13 14 18 16 17
Elincmialljn.p,‘f r 110 -_ o CIE Allowed SE [01 |

Fig. 6. Simulation from binomial distribution.
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Poisson distribution

package Distrib;

public class DistribPoisson extends DistributionDiscrete {
public DistribPoisson(double lambda) { // Constructor

this.lambda = lambda;
}

public double simValue() { // Simulation of a value

double U, pp, F;
U = Math.random();

pp = Math.exp(-lambda); // probability X=i
F = pp; // F(i)=P{X<=i} distribution function

double k=0;
while (U > F) {
pp = lambda*pp/ (k+1);
F=F+pp;
k++;
}
return k;
} // simValue()

public double initRecursion() { // Initial value for recursion
return Math.exp(-lambda); // P{X=0}

}

public double valRecursion(int k) { // Value for recursion

return (double)lambda/ (k+1);

}
double lambda;

V17

Humber of generated values: 258

Mean; 2. TEST006711409383

Yariance: 2.963205545286755

Standard Deviation: 1.7228480912102364
Standard Error 0.09930191026851212
Yariation Coefficient 0.623068848520207 2

95% Confidence Interval: (2. 5694389270146546, 2 96071 2415267222

[ T T ST - -

Foissonilambda) | lambda: rE.?‘

Allowed SE: | 0.1

72
56 0
45
14 21 1F
] __T—f_J 1 0 0o 0 0 0 0
1 O O -

Fig. 7. Simulation from a Poisson distribution.
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Geometric distribution

package Distrib;
public class DistribGeometric extends DistributionDiscrete {
public DistribGeometric(double p) { // Constructor
this.p = p;
)
public double simValue() { // Simulation of a value
double U; // geometric random variable in (0,1)
U = Math.random(); // Generate a random number
return (int)(Math.log(U)/Math.log(1-p));
} // simValue()
public double initRecursion() { // Initial value for recursion
return p; // P{X=0}
)
public double valRecursion(int k) { // Value for recursion
return 1-p;

}
double p;

Y1/

Mumber of generated values: 3145
248 Mean: 2.36687116596441754
Variance: B141652974781817
Standard Deviation: 2.8533581925131335
Standard Error, 00999487 F8137334349
WVariation Coefficient: 1.2055401 383609126
95% Confidence Interval: (217097 1560493824, 2 R27FOFTOTE452T)

nET

16

1]

57

3 3 3 F E ¥ 4 F LoD
| I
o 1T F 3 4§ 5 B T &0 0 97 T 73 T 7% 1w 17 18 14 20

Geometric(p) P83 Allowed SE: | 0.1

Fig. 8. Simulation from a geometric distribution.
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Uniform discrete distribution

package Distrib;
public class DistribDiscUniform extends DistributionDiscrete {
public DistribDiscUniform(int numb) { // Constructor
n = numb;
p = (double)1/n;
)
public double simValue() { // Simulation of a value
int X; // Random variable
double U; // Uniform random variable in (0,1)
U = Math.random(); // Generate a random number
return (int)(n*U);
} // simValue()
public double initRecursion() { // Initial value for recursion
return p; // P{X=0}
}
public double valRecursion(int k) { // Value for recursion
return (double) 1;
)
int n;
double p;
V77

murmber of generated values: 814

Mean: 4.528255528255524

Variahce: 8.1 289669407 75069

Standard Deviation; 2.85911343252774095

Standard Error-0.0999322063860697 8

Yariation Coefficient; 0. B2963194 26955543

95% Confidence Interval; (4.3323834037 38827, 4. 72412265927 7222148)

an 39
s s o 85 o 8

n o o 0 0o o 0
o1 ¢4 3 4 5 b5 4 10 1T T 0Ts 14 15 Th

DiscretelUniforming n: |30 : Allowed 3E: EEI.1

Fig. 9. Simulation from a uniform discrete distribution.
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General discrete distribution

package Distrib;
public class DistribDiscGen extends DistributionDiscrete {
public DistribDiscGen(int n, double[] p) { // Constructor
this.n = n;
this.p = p;
for (int i=0; i<p.length; i++) {
if (pPMax<pl[i]) pMax=pl[i];
)
c = pMax*n;
)
public double simValue() { // Simulation of a value
Distrib.DistribDiscUniform dDU = new DistribDiscUniform(n);
do {
Y = (int)dDU.simValue();
U = Math.random();
}
while (U > (double)(p[Y]/(c/n)));
return’Y;
} // simValue()
intn,Y;
double pMax=0, c, U;
double[] p = new double[n];
V17

HMumber of generated values: 671

Mean: 4. 463487332339783

Variance: B.70575438752587 25

Standard Deviation: 2.588547139467801 4

Standard Errar; 0.09996833585375011 2

Wariation Coefficient: 0530162314051 0495

95% Confidence Interval: (4 267549349606249, 465942531507 3295)

127

112 114

i

Faltl Gr

44
23 23

b b o o 0 0 o0 0 o
T 1 7 3 & 5§ § 7 § 9 10 17 17 T3 14 15 15 17
1 .

10 Alowed SE: |01

iDiscreteGeneralin, pin) n:

Fig. 10. Simulation from a general discrete distribution.
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Normal standard distribution

package Distrib;
import Distrib.*;
import java.util.*;

public class DistribNormalS extends DistributionContinue {
public double simValue() { // Simulation of a value
doubleyl,y2,y, Z, U;
Distrib.DistribExponential Y1 = new Distrib.DistribExponential(1);
Distrib.DistribExponential Y2 = new Distrib.DistribExponential(1);

Random R = new Random();
do {
y1 = Yl.simValue();
y2 =Y2.simValue();
y = y2-Math.pow(y1-1, 2)/2;
} while (y<0);
U = R.nextDouble();
if (U<0.5) Z=y1,
else Z = -y1;
return Z;

} // simValue()

V17

Mumber of generated values: 598

Mean: 0.07498358959798437

“ariance: 5. 969865807312518

Standard Deviation: 2. 4433308837143852
Standard Errar; 0.09951523001 FE7957
Wariation Coefficient: 32 5848748614732

95% Confidence Interval: 0.1 20850261 23666759, 0.27081744043263634)

]

o

o o o o o 0

10 11

T2 13 174 175 16 17 TH

Fig. 11. Simulation from normal standard distribution
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Normal distribution

package Distrib;
public class DistribNormal extends DistributionContinue {
public DistribNormal(double miu, double sigma) { // Constructor
this.miu = miu;
this.sigma = sigma;
}
public double simValue() { // Simulation of a value
double Z;
Z = NS.simValue();
X = miutsigma*Z;
return X;
} // simValue()

double miu, sigma, X;
Distrib.DistribNormalS NS = new Distrib.DistribNormalS();

Y17

Mumber of generated values: 406

Mean: 6.915323266981054

Variance: 4.059238225658945

Standard Deviation: 20147485127 468087 3

Standard Error; 0.09959061 807 F86502

Yariation Coefficient: 0.28134648514380335

95% Confidence Interval: (6.719341655548418, 7. 111304875841 3649

7 93

o1 2 3 4 &5 & 7 8 9 10 11 12 13 T4 15 16 17 18 18 20

Mormalimiu, sigmaiil  miu: |7 sigma: | 2 Allowed SE:| 0.1

Fig. 12. Simulation from a normal distribution.
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Exponential distribution

package Distrib;
public class DistribExponential extends DistributionContinue {
public DistribExponential(double lambda) { // Constructor
this.lambda = lambda;
)
public double simValue() { // Simulation of a value
U = Math.randomy();
X = -1/lambda*Math.log(U);
return X;
} // simValue()
double lambda, X, U;

V17

Mumber of generated values: 1032
Mean: 3.3471932552445048
Yariance: 10.30491 2881731052
Standard Deviation: 3.2101 266145945934
Standard Error; 0099926376761 7191
IR0 Yariation Coefficient; 0.9559050274652803
95% Confidence Interval: (3.1513365807920859, 3.543049937698027E)

209 9 2 90 1 1 0 0 1 0
o1 2 2 4 5 B 7 8 9 10 11 12 13 14 15 16 17 18 19 20 2 22 23 74

Exponentialiambda lambda: |03 | Allowed SE: | 0.1

Fig. 13. Simulation from an exponential distribution.
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Gamma distribution

package Distrib;
public class DistribGamma extends DistributionContinue {
public DistribGamma(double lambda, int n) { // Constructor
this.lambda = lambda;
this.n =n;
}
public double simValue() { // Simulation of a value
double U, X=0;
for (int k=1; k<=n; k++) {
U = Math.random();
X = X-Math.log(U)/lambda;
}
return X;
} // simValue()
double lambda;
int n;

V17

mumber of generated values: 222

Mean: 3.6172182720826937

Wariance: 2. 2079093793425395

Standard Deviation: 1.4859035585414531

Standard Errar; 0.0997 2731694368506

Yariation Coefficient: 0.4107861439336829

95% Confidence Interval; (342175373087 30708, 3.81 268481329231 66)

57 48

@ o 0o o o o 0o 0o @
w1t 12 15 14 15 Te 17 18

‘Gamma(Lambda, nyil  Lambda: |2 |7 |, walibwecse: |

Fig. 14. Simulation from a gamma distribution.
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Weibull distribution

package Distrib;
public class DistribWeibull extends DistributionContinue {
public DistribWeibull(double alfa, double beta) { // Constructor
this.alfa = alfa;
this.beta = beta;

}

public double simValue() { // Simulation of a value
double U;
U = Math.random();
X =1/alfa*Math.pow(-Math.log(U), 1/beta);
return X;

} // simValue()

double alfa, beta, X;

Y17

Mumberof generated values: 1034

Mean: 3.TERAETTA0109284

Variance: 10.381425206705105

Standard Deviation: 3.2220219128219947

Standard Error; 0.0999587 2683732272

Variation Coefficient; 0.3674513335181607

895% Confidence Interval: (8,57 2648645508131, B 9644836854710437)

123 126
111 4

o1 2 3 4 5 6 7 8 8 10 11 12 13 14 15 16 17 18 19 20 27

EWeihull{alfa,beta}réi alfa; | 0.1 heta; 3 Allowed SE: | 0.1

Fig. 15. Simulation from a Weibull distribution.

4.2 Experiments with e-learning scenarios

Based on the simulation system presented previously (Figure 2), we create and implement
various models as applications, to be used as e-learning scenarios. We create e-learning
scenarios by looking at problems that can be put in a probabilistic framework. Every new
concept is developed systematically through completely worked out examples from current
medical, pharmaceutical and health care problems. In addition, we introduce in each
e-learning scenario specific probability models that fit out some real life problems, by
assessing the probabilities of certain events from actual past databases.
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4.2.1 E-learning scenarios for distributional models

As an example, we propose an e-learning scenario for students in medicine and health care.
A learner that traverses such a scenario will be able to apply a binomial distributional model
in studying the chance of patients suffering from a particular type of cancer, to survive for at
least a six month period after diagnosis. We would have to appeal to previous studies and
information from actual databases to assess the chances of a patient surviving. This might
indicate, for instance, that the probability of survival is p= 0.3, and consequently the
complementary probability of death is ¢4 =1 - p = 0.7. In real life, we are frequently
interested what might happen to a group of patients we are studying. For example, we may
formulate the following problem, as a piece of the current e-learning scenario:

"Of the 11 patients in a particular cancer program, what is the chance of 7 or more of them surviving
at least six months past diagnosis?"

If px is the probability that k patients survives (where k <11), to solve the previous problem
we have to compute the sum P = py+pg+potpio+pi1. The binomial distribution B (11, 0.3) can
be applied to calculate these probabilities. If the learner is a beginner in Probabilities and
Statistics, maybe needs to get immediately an explanatory text about binomial distribution
B (n, p). Then it is possible to directly apply the formula and compute the probabilities for
binomial B (11, 0.3). Using the formula px = 11!/ (k!(11-k)!)(0.3)k (0.7)11*, for k<11, one obtain
the values py = 0.017, ps = 0.003, and py = p1o = pu1 = 0. Finally, the learner can give the
solution for the previous problem: P = 0.017 + 0.003 = 0.02. The e-learning scenario may be
resourceful in showing additional information when necessary. The learner may ask
whenever for any information, but intelligent software tool may have also the initiative to
show some information when it considers that is an adequate moment. We think that
Bayesian inference is suitable for deciding when the learner needs some supplementary
information. We have to combine Bayesian inference with a sort of intelligent agents, to
prepare and to configure a suggestive visualization, based on a friendly and efficient
dialogue with the learner. As an example, for any learner may be useful to see a
visualization of the previous probabilities pr, where k € {0,1, 2, ..., 11}, in a very suggestive
column format, and to recognize the solution to previous problem shown with dashed
columns (Figure 16).

A Probability of surviving

25.6%
22.0%

19.9%

13.2%

9.3%

5.6%

1.9% 1.7%
_%0.3% 0.0% 0.0% 0.0% o

0 1 2 3 4 5 6 7 8 9 10 1" ..
Number of patients surviving six months after the diagnosis

Fig. 16. A graphical solution for the patient surviving problem, based on the binomial
distribution B (11, 0.3).
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The previous distribution model, which is binomial distribution B (11, 0.3), may also be
applied in an e-learning scenario for students in pharmacy. For example, suppose they have
to test the effect of a dose of digitalis on frogs. In this case, the problem can be formulated as
follows:

"Injection of a certain dose of digitalis per unit of body weight into a large number of frogs causes the
death of 30% of them. What is the probability that the number of deaths will be 7 or more, when this
dose is injected into each of a group of 11 frogs?"

It is obvious that we may use the same statistical template to create a similar e-learning
scenario for students in pharmacy, but with specific texts.

4.2.2 E-learning scenarios for simulation studies

To make a simulation study for a distribution, it is necessary to generate more values, a
sequence of values. The learner has the possibility to interactively select a distribution, to set
some parameters, to visualize the results of a simulation and to form some conclusions. For
example, the learner may choose to generate N = 995 values from previous binomial
distribution B (11, 0.3) and to visualize them in a column format. In addition, the learner
may visually verify the results of a simulation by comparing them with theoretical values,
computed by theoretical formulae (Figure 17). There is an obvious relation between
theoretical values and the values presented in Figure 16, as in the previous scenario we used
the binomial model B (11, 0.3).

253 )95 256
SIMULATED RESULTS 220 THEORETICAL VALUES
193 199
133 132
95 93
60 56
19
2 #3000 173 0 0

012 3 4 567 8 91 01234 567 8 91

Fig. 17. Simulated versus theoretical values in case of the binomial distribution B (11, 0.3).

The learner may choose to continually generate additional values, stopping when the
efficiency of the simulation is good enough. Generally, the learner may use the variance of
the estimators obtained during the simulation study to decide when to stop the generation
of additional values, i.e., when the efficiency of the simulation study is acceptable. The
smaller this variance is, the smaller is the amount of simulation needed to obtain a fixed
precision. For example, if the objective is to estimate the mean value ¢ = E(X;), i=0, 1, 2, ...,
the learner should continue to generate new data until are generated n data values for which

the estimate of the standard error, SE =s /i, is less than an acceptable value given

previously and named Allowed SE, s being the sample standard deviation. Sample means
and sample variances are recursively computed. The final values of these parameters, the
confidence interval and other statistics are showed as the result of the simulation study.
Figure 18 shows a comparison of the results for two simulations from binomial distribution
B (11, 0.3), first simulation with allowed standard error of 0.1, and second simulation with
allowed standard error of 0.05.
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294
Number of eneraied values: 259 Number of generated values: 937
Mean: 3.3552123552123545 219 Mean: 3.321237993596586
Variance: 2.5787614857382364 Variance: 2.340071970007935
Standard Deviation: 1.6058522614917714 Standard Deviation: 1.5297293780299621
Standard Error: 0.9976280439556399 168 Standard Error: 0.04957408047503663
Variation Coefficient: 0.47861419531227717 — Variation Coefficient: 0.4605301115726439
95% Val.Conf.Int.: {0.20774192, 6.50268279) 97% Val.Cont.: (0.32236841, 6.31950757)
95% Mean Confnt. 0.15963606, 3.55078665) 95% Mean Conf.Int.:(3.2232888, 3.41918719)
m
66 |
53[50 30
56
0 7 3 45 6 7 8 91111131415 18 3,
[Binorialin, p).

n:|11 p:||]_3 AllnwedSE:| 0.1 : : 0.0 0 0 0

AllowedSE: I 0.05

Fig. 18. A simulation with Allowed SE = 0.1, versus a simulation with Allowed SE=0.05, in
case of binomial distribution B(11, 0.3)

The number of generated values is determined by the value Allowed SE introduced by the
learner, as the simulation stops when the condition s/+/n < Allowed SE is true. For the left

side simulation, with allowed standard error of 0.1, are generated 259 values, while for the
right side simulation, with allowed standard error of 0.05, are generated 937 values.

When simulate from a continuous random variable X, a generated value xeX is
approximated with a given precision expressed by the number of decimal digits after the
decimal point. The learner has the possibility to choose a precision of one, two, or even more
decimal digits. If a coarse approximation is accepted, no decimals are considered and the
real value x is approximated by int(x), that is by integer part of the x. In this case the
continuous random variable X is rudely approximated by a discrete one, and the results of a
simulation can be graphically expressed in a segmented line format, each segment joining
the top sides of two neighbouring columns. If a precision of one decimal digit is selected, a
more refined segmented line can more precisely visualize the results of the same simulation.
With a precision of two decimal digits, a more refined visualization is obtained. The higher
this precision is, the higher is the resolution realized in visualization. Figure 19 compares two
visualizations for the same set of generated values from the standard normal distribution
N(0, 1), the first visualization being with a precision of one decimal digit (Figure 19,
graph a), and the second with a precision of two decimal digits (Figure 19, graph b).

As can be seen in this figure, when the precision grows with one decimal digit, the
resolution grows ten times. With a precision of one decimal digit, ten numbers are
considered between two successive integers, while if the precision is of two decimal digits,
one hundred numbers are considered between two successive integers. When necessary,
intermediate resolutions can be considered. Figure 20 shows a similar comparison for the
exponential distribution with parameter A = 0.3.
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393  Number of generated values: 10039
Mean: -0.034252926471923885
Variance: 1.0037935223976944
Standard Deviation: 1.001894965751248
Standard Error: 0.009999469666172853
203 95% val.Conf.Int.: (-1.99796706, 1.92946121)

95% Mean Conf.Int.: (-0.05385189, -0.01465397)

282

33
24 25
5 5
001 100
54321012345 54321012345
a) precision = 1 decimal digit b) precision = 2 decimal digits

Normal Standard  Minim Sample: | 60 AIIowedSE:|0-01

Fig. 19. The same set of generated values from the Standard Normal distribution N (0, 1),
visualized with a precision of one decimal digit, versus a precision of two decimal digits.

Number of generated values: 111215
Mean: 3.341257333336463
Variance: 11.121399120680666

a) precision = 1 decimal digit Standard Deviation: 3.3348761777134492
Standard Error: 0.009999954646608779
3312 95% Val.Conf.Int.: (-3.19509997498, 9.98776146416)

95% Mean Conf.int.: (3.32165742223, 3.3608572444)
b) precision = 2 decimal digits

353 534

170
14711773
MM¢574?3°221415987 21132104100

012345678 01011121314 1516 17 18 19 20 21 22 23 24

284
21715814289 77 5630 251515 1010 4 4 2 1 1 1 0 1 O

01234567 89 1011121314151617 181920212223 24252627 282¢
Exponential (Lambda) Lambda:|0.3 Minim Sample:l 60 AllowedSE: | 0.01

Fig. 20. The same set of generated values from the exponential distribution E (0.3),
visualized with a precision of one decimal digit, versus a precision of two decimal digits.

4.2.3 A Markov model for geriatric patients’ behaviour

We modelled the flow of patients through chronic diseases departments (Gorunescu et al.,
2002) and based on these models we created e-learning scenarios. The planning of medical
service within a chronic healthcare department is a complex problem the staffs has to face,
because patients of long-term services occupy the beds for long periods of time and a high
quality medical care costs a lot of money. Under these circumstances, a balanced policy
between a high quality service measured by the number of beds and suitable costs becomes
a necessity for the administration in order to get full value for the money they have spent.
With this end in view, using the simulation of distributional models and stochastic
processes, we modelled the patient flow through chronic diseases departments. The use of
stochastic compartmental analysis, which assumes probabilistic behaviour of the patients
around the system, is considered a more realistic representation of an actual situation rather
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than simpler deterministic model. In order to simulate the model, we have split it into two
parts: the arrival of patients and the in-patient care. Patients are initially admitted into acute
care consisting of diagnosis, assessment and rehabilitation. The most of patients either are
released and therefore re-enter the community, or die after such a period of acute care.
However, a certain number of patients may be considered to be unable to look after
themselves, and therefore pass from acute into long-stay care where they may remain for a
considerable amount of time, or they will eventually die.

The arrival of patients is modelled as a Poisson process with a parameter estimated by using
the inter-arrival times (Prodan et al.,, 1999). These times are independent exponential
random variables, each with parameter A (the rate of arrivals) and with the corresponding
density function f{t) = Ae’, t > 0. Figure 21 shows a simulation of the Poisson arrivals at rate
A =2.75 per day.

Fatients: 3 3
2 ’ ’ 2 2

| [ ]

Day: ¢ 2 3 4 5 & 7 8 9 1w0 1 12 ---

Fig. 21. The Poisson arrivals at rate A = 2.75 per day.

The in-patient care time is modelled as a mixed-exponential phase-type distribution, where
the number of terms in the mixture corresponds to the number of stages of patient care. A
common scenario is that there are two stages for in-patient care: acute and long-stay,
composing in this case two exponential distributions with parameters A; and A,
representing the corresponding access rate for each stage. In this case, the mixed-
exponential phase-type distribution has the density function fix) = pAett + (1-p)hoe’2,
which implies a mean care time of p/Ai+(1-p)/A2 days per patient (Prodan et al., 2000).
Figure 22 shows a simulation for the in-patient care time with parameters p = 0.93, 1, = 0.04
and A2 = 0.001, resulting a mean care time of 93.25 days per patient.
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Fig. 22. The simulated results for in-patient care time.

This model enables us to study the whole system of geriatric care and can be used to look at
the time patients spend in hospital and the subsequent time patients spend in the
community. Interesting real phenomena can be studied during simulation experiences, such
as rejection at entrance due to a brimful department, the resources being limited. Both
medical staff and hospital administrators agreed that such a model could be used to
maximize the efficiency of the chronic diseases departments and to optimize the use of
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hospital resources in order to improve hospital care. We used this model in training health
care teams, based on e-learning technologies.

4.2.4 E-learning tools for wound image understanding

Medical images are valuable in both didactic and research activities, for students in
medicine, pharmacy and health care. Computerized image processing contains methods for
non-invasive wound evaluation, allowing an accurate diagnosis in a large category of
patients with damaged and wounded skin. Generally, wounds have a non-uniform mixture
of yellow slough, red granulation tissue and black necrotic tissue. Relying on a high quality
of image acquisition, we can analyze a succession in time of more images for the same
wound and assess changes in wound healing, i.e. the recovery or worse evolution. Our aim
is to create and implement in Java an automatic method which can be used as a reference
standard for colour and texture wound analysis. The purpose is to create e-learning
scenarios for wound image understanding and wound healing simulation, by applying this
method to large amounts of wound image data stored in XML based knowledge bases
(Figure 23).

Wound healing
simulation

understanding

\ Wound image

—

Color and texture XML based
wound analysis Databases

Fig. 23. The general method applied for wound image understanding and wound healing
simulation.

Our main objective is to develop appropriate skills in wound management for a learner that
traverses such an e-learning scenario. The e-learning scenarios are practice driven and
relevant to professional practice, being used by students in medicine, pharmacy and health
care, at graduate, postgraduate and residency levels.

For a given wound, we must find out some quantitative and qualitative attributes for
assessing the healing state. As quantitative attributes we measure its surface area and its
volume (evaluating depth). The original image is processed with the purpose to emphasize
the distinction between wound and non-wound area. We use some general methods to
enhance the image, because we must exaggerate the distinction between wound and non-
wound. As an example, for individuals with fair skin, we lighten the images and then view
them using shades of green with the red and blue minimized. This way more clearly exhibit
the borders of the wound than in the original image. Removal of the red and blue leaves the
wound black and the rest of the image green. For images of individuals with dark skin, both
the red and green are accentuated while the blue is minimized. This procedure also leaves
the non-wound area green, but colours the wound red. In either case, the wound can easily
be distinguished from the non-wound without difficulty.
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Our work is based on a continuous collaboration with physicians and wound care experts,
because it is necessary to make a rigorous classification for various categories of wounds.
We collected large amounts of wound image data and we calculate statistical parameters as
mean, median, standard deviation, confidence interval, skewness and kurtosis for them.
These historical data are included in XML based databases, to be used as inputs to
classification algorithms. The general purpose is to make distinction between infected and
non-infected, inflamed and non-inflamed wounds. Based on colour analysis, we build a
statistically significant differentiation of mild, moderate and severe wounds. Our system
analyses the differences in calibrated hue between injured and non-injured skin, obtaining a
repeatable differentiation of wound severity for various time intervals. As an example, burn
wounds are characterized according to their depth as:
e Superficial - with bright red colour and the presence of blisters (usually with brown
colour);
e  Deep - with red-whitish colour and with dark dots;
e  Full thickness - with creamy or dark brown colour.
Assuming normality, the first two moments (mean and standard deviation) characterize
very well the colour distribution. However, sometimes the first two moments alone are
inadequate to discriminate between wound and non-wound skin. Therefore further details
of the colour distribution are required. Skewness and kurtosis of the colour data proved to
be more useful for this purpose.
We implement e-tools that will enable to assess the current state of the wound and to gain
insight into the wound evolution, by comparing the series of wound data collected over
time. Based on this knowledge we can design an e-tool for simulating the process of wound
healing. The colour image processing is the most acceptable automatic method of objectively
and reproducibly analyzing skin wounds and lesions. Also, this method has the main
advantage of being completely non-invasive.

5. Conclusions and future work

The main aim of our research is to acquire better results in education based on improving
the teaching-learning relation by means of e-learning technologies. We think that an
important contribution to a high quality teaching-learning relation have the charm and
eloquence of a good teacher. At the same time, it is our belief that e-learning technologies
can improve the teaching-learning relations. We may try, but it is very difficult to extend the
virtue and charm of a good teacher beyond the face-to-face relation and to include these
qualities in e-learning scenarios. The use of Internet as the base line infrastructure for
communication is essential, but is not enough for our purpose. It is necessary to transfer the
spirit of a good teacher in e-learning scenarios. In our e-learning system, the learner has the
possibility to interact with specific Java applets, to select specific values for some
parameters, obtaining this way specific simulations and visualizations. As the real teacher is
not physically present during an open learning process and the electronic technologies do
not contain pedagogical characteristics, we have to simulate a valuable teaching-learning
relation and to incorporate the teaching activities in our e-learning software, obtaining
intelligent and practical e-learning tools (Prodan et al., 2006, 2008, 2010).

As future work, we have to create new e-learning scenarios and to find new methods for
improving the teaching-learning relation by means of e-learning tools. The best way to
follow for improving the teaching-learning relation is by using electronic portfolios and by
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incorporating the e-learning tools in a Moodle based e-learning system. Both the teachers
and the learners agreed that electronic portfolios improve very much the teaching-learning
relations and provide a better assessment among students than traditional methods (Rusu &
Prodan, 2006). Also, our Moodle based learning management system provides dynamic and
flexible student-centred authentic e-learning experiences, improving this way the teaching-
learning relations.
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