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ABSTRACT: The analysis of activities in CSCL (Computer-Supported Collaborative Learning) environments can

provide us with some interesting conclusions about collaborative learning processes themselves. Specifically,

such an analysis can show the effectiveness of such processes and allow for the definition of intervention

mechanisms which can motivate and engage the students in the learning activities. Until now, this analysis

has focused on the collaboration process and the resulting product separately. We hypothesize that the use of

Artificial Intelligence techniques can be useful for the production of a rule-based system that considers both the

process and the product. Of the existing techniques, we propose the use of Genetic Classifier Systems (GCS) for

their ability to evolve and adapt. The use of these rules allows for the identification and characterization of

learning situations, in addition to the generation of feedback that can guide the students and the group towards a

more effective learning experience. At the same time, the rule system can adapt to the new learning activities. The

analysis method proposed in this article focuses on CSCL environments in which the collaboration takes the form

of a conversation. We also present a tool that implements this approach and the results of its application to some

learning activities, using an environment for collaborative learning of design. � 2011 Wiley Periodicals, Inc. Comput

Appl Eng Educ 21:704–716, 2013; View this article online at wileyonlinelibrary.com/journal/cae; DOI 10.1002/cae.20517
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INTRODUCTION

In recent decades there has been an increased effort to study the

way in which collaborative systems can facilitate new forms of

learning in communities and the effects of these systems from a

cognitive point of view. As a result, a research discipline known

as CSCL (Computer-Supported Collaborative Learning) has

emerged [1]. One of the main challenges currently facing the

CSCL discipline is the development of computational methods

which can automate processes to analyze the interaction between

the learners and to provide conclusions about the collaboration.

These analysis processes are designed to characterize the actions

performed by the learners and evaluating their impact on the

learning process [2]. Collaborative learning activities often

involve learners working together to solve problems set by a

teacher. In such cases, the analysis process should also take into

account the solutions built by the learners. The results of such an

analysis processes could be used for various purposes, such as

providing an evaluation of the learning process, offering advice

to the learners that could guide their activities, or providing

data that could enable software developers to understand how

the collaborative system is being used.

In our research, we focus on a specific kind of CSCL

environment, which supports collaboration by means of a con-

versation-based discussion [3]. Some systems propose the use of

sentence openers in order to help structure the conversation.

These elements make it easy to identify what a user’s intention

is when he/she makes a contribution to a conversation. This

structuring approach facilitates the analysis of activities because

it enables each communicative act to be categorized. However,
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the collaboration analysis process should be completed with

techniques which calculate variables describing both the learn-

ers’ working process and the solution built in the end. Moreover,

it is necessary to use computational methods that take advantage

of this description or characterization in order to intervene in the

collaborative activity and help learners with their activities.

In this article, we present the hypothesis that it is possible

to use methods and tools based on Artificial Intelligence (AI)

techniques to analyze collaborative activities whilst considering

the characteristics of both the process and the solution, with the

aim of identifying and characterizing specific situations that can

take place during a learning activity. Very few proposals have

focused on a comprehensive analysis of the collaboration proc-

ess and the product obtained as a result of this process. One of

them is described in Ref. 4. This study proposes a framework for

guiding the process and solution analysis in collaborative learn-

ing environments. However, as its authors point out, the frame-

work lacks support for the configuration and calibration phase of

the analysis and, in particular, for obtaining the inference rules

used during the analysis. In this article, we address the challenge

of finding a method to meet this requirement. After studying the

AI techniques currently in existence, we opted to use Genetic

Classifier Systems (GCS) due to their ability to evolve. The use

of GCS allows for the production of a set of rules that are able to

adapt to the particularities of the different learning activities that

take place in a CSCL environment. Once the learning situations

have been identified and classified according to this set of rules,

intervention mechanisms can be provided in order to guide the

learner or the group towards the most suitable path of action or

to increase their motivation. The proposal developed in this

study has been implemented within an intelligent subsystem,

which manages the information stored in a knowledge database.

This database will evolve over time, increasing its potential to

characterize new situations. This article presents this proposal

together with the results of some experiments that have already

been carried out.

The article is organized as follows: the next section reviews

the main research proposals that have attempted to automate the

analysis of collaboration and interaction in learning systems;

third section briefly describes the context in which our proposal

is applied; fourth and fifth sections describe the proposed

analysis method and the tool which implements it, respectively;

sixth section discusses the results of an experiment in which

the implemented subsystem has been used; and last of all, we

present some conclusions and indicate future work.

RELATED WORK

In this section we review some systems and approaches that

address the analysis of computer-supported learning activities.

In CSCL analysis, the recording of interactions in log files is a

widespread technique. These log files store the content of the

messages exchanged by learners when communicating with each

other and coordinating themselves during the collaborative

activity. However, these log files do not usually include descrip-

tive information that categorizes the purpose of each message

(to ask, to propose, to answer, etc.). Lund et al. [5] propose the

use of structured user interfaces to categorize the type of con-

tribution that each participant makes to the dialog process. A

paradigmatic example is the C-CHENE system [6], which

includes a structured chat with closed sentences (e.g., ‘‘I do

not know’’). Other messages are semi-open (e.g., ‘‘I Propose

to. . .’’) and are designed to be completed by the learners. The

use of both semi-open and closed messages allows for discrimi-

nation of the type of message used and an analysis process of the

learners’ conversational acts possible. EPSILON [7] stores the

actions and contributions made by learners whilst they attempt

to solve Object-Oriented Design problems as a group. This

information is used in an automated study that analyzes not only

the problem-solving actions but also the communication process.

The McManus and Aiken approach [8], implemented in the

Group Leader system, compares the learners’ conversation act

sequences with the most highly recommended sequences (which

are represented using finite state machines). This system ana-

lyzes the dialog sequences and provides the users with advice

during their interaction. The DEGREE system [9] analyzes the

characteristics of group work and assesses the effectiveness of

the learning process with AI techniques based on fuzzy logic

that process data about the use of communicative acts in order to

characterize the learning process. To achieve this goal, DEGREE

combines a quantitative study with a qualitative analysis and

proposes a set of predefined analysis indicators (initiative, crea-

tivity, elaboration, conformity, etc.). Puente [10] proposes the

application of statistical methods to analyze the students’ con-

tributions in group editing of wikis. None of the systems men-

tioned above, however, focuses on studying the interrelation

between communication and argumentative discussion or the

result of these processes.

We find some systems which focus on analyzing learners’

solutions to set problems in the area of ITS (Intelligent Tutoring

Systems). Belvedere [11] evaluates the consistency of diagrams

that represent scientific inquiry processes. KERMIT [12] pro-

poses database modeling problems to be solved by learners, and

evaluates the quality of the solutions they produce. Collect-UML

[13] adds supports for analyzing solutions using UML class

diagrams to a collaborative environment. However, these

approaches do not compare the solution’s evaluation with the

quality of the building process.

We can also find several theoretical frameworks for collab-

oration analysis in the literature [14,15]. Of particular interest is

the framework proposed by Bravo et al. [4], which is the only

comprehensive approach that combines an analysis of actions

and dialog with an analysis of the solution.

Considering the various approaches presented above, we

conclude that there is a clear need for computational

methods which allow for an analysis of the recorded information

in order to reach useful conclusions about learning activities.

Some authors propose the use of computational methods as

useful techniques for the analysis of discussion processes.

Among these techniques, we find Hidden Markov Models

[16], Decision Trees [17], Petri Nets [8], and Plan Recognition

[18]. Other proposals have also used Bayesian Networks to

analyze only the collective process [19] or the resulting products

[20], but they do not address both aspects jointly. Techniques

based on Genetic Algorithms and Classifiers have been applied

in the field of learning systems. Therefore, these techniques have

been used to intervene in students’ activity by adapting the user

interface [21], to select the problems to be solved according

to the knowledge level of the students [22], or to personalize

the e-learning system according to preferences of the students

[23]. However, these proposals apply genetic algorithms and

classifiers to the work of individual students, since they are

not aimed at working with the collaborative process.
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In summary, we can see how CSCL systems apply tech-

niques to analyze students’ group working process. The ITS

include features that analyze the solutions built by learners to

solve problems. However, there is a lack of flexible approaches

which take into account both the students’ collaborative activity

and the results of the collaboration in the form of a solution,

exposing a gap in the analysis research carried out to date. At

this point, we propose the use of Genetic Classifiers to analyze

both aspects (collective work and solutions) and to intervene

actively in the learning process. The proposals that have used

this type of technique show how it is particularly useful for

intervention purposes thanks to its ability to evolve.

THE DomoSim-TPC ENVIRONMENT AND PlanEdit
TOOL

The analysis method we propose is oriented towards CSCL

activities that promote the learning of design by the solving of

problems. The solutions to the problems are built following a

process of Collaborative Planning of Design (CPD) [24]. This is

an asynchronous collaborative process in which the learners use

an intermediate and abstract representation to express the

solution to a design problem. This representation is the plan of

actions that must be carried out in order to build the solution.

The plan is designed collaboratively by a group of learners. This

collaborative process is implemented by means of argumentative

discussion techniques that are described in [25]. In the CPD

process, the learners build design plans individually. They must

then show their plans to the other members of the work group,

justifying and discussing their design actions. Each group mem-

ber can make critiques, comments, suggestions for improvement

and even counterproposals that could imply a radical change in

the initial design plan. Therefore, the plans, initially built in an

individual way, evolve to reflect the point of view of each

participant in the process.

Collaborative Planning of Design

The analysis method we propose is designed for evaluating

learning activities in application areas in which the CPD

approach is applicable. Specifically, we take as our basis the

learning domain of domotics installation design for automated

services in homes and other buildings. This is a complex domain

in which to validate the results of our research. In this context

we have developed a group learning system called DomoSim-

TPC [26]. This system includes a tool called PlanEdit [27]

which provides support for CPD. The user interface of PlanEdit

(Fig. 1A) is divided into a number of separate areas: the problem

formulation, the list of tasks to carry out, the icon bars repre-

senting design actions/operators, the sequence of design actions

already planned, the current action being carried out, and a set of

buttons used to support several general functions. The design

actions which the student must choose are displayed in the user

interface as icons on toolbars. They are grouped into four

categories according to the components of an action: the kind

of action, the management area, the plan of the house, and the

domotical operator. Figure 1B shows the user interface of

the discussion and argumentation tool in DomoSim-TPC. In

the middle is a hierarchical structure in the form of an inverted

tree which is used to organize and relate the contributions. On

the right, various interaction buttons are presented. We have

highlighted those buttons designed to manage the information

shown in the process diagram and those meant to facilitate the

posting of contributions and, in this way, make dialog between

the participants possible. These buttons are enabled or disabled

depending on aspects such as what kind of contribution has been

selected and the characteristics of the dialog defined by the

coordinator (teacher).

Analyzing Collaborative Learning Activities

The general model of activity analysis in the DomoSim-TPC

system is shown in Figure 2. The processed information has

two different origins: the organization of the activity and its

realization. With regards to the organization of the activity we

consider some general characteristics, the proposed problem to

be solved, and the optimal strategies that shape its solution. Each

problem consists of several tasks to be solved. Each task can be

assigned to one of the activity’s participants. Each task has an

associated design plan, proposing the best strategy for complet-

ing the task (the so-called Optimal Plan of Design, or OPD).

These plans are compared with the solutions built by the stu-

Figure 1 (A) PlanEdit user interface. (B) User interface of the discussion and argumentation tool. [Color figure can

be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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dents. In this way, the analysis subsystem can automatically

determine and evaluate the differences between them. The infor-

mation related to the learning experience consists of the data

that are registered when the users interact with the system.

Specifically, these data come from the individual elaboration

of models using the PlanEdit tool, which is described in Ref.

[27], from the discussion and argumentation process, and from

the table of contents (results) generated at the conclusion of the

activity. Some general data about the how the participants have

used the system are also taken into consideration.

The previously mentioned information is processed in a

quantitative study, in which the information is organized

and statistics reflecting an evaluation of particular aspects of

the realization of the activity are generated. This evaluation is

presented in the system in tabular and graph form. In

addition, we can export the data for processing in other, more

specific tools. This quantitative study is complementary to

another, qualitative one, in which rules and fuzzy logic are used

to model other characteristics. Therefore, with the statistical

information generated earlier and considering the evaluator’s

approaches while carrying out the analysis, some conclusions

about the learning activity can be inferred. These conclusions

are classified into those related to the elaboration and

discussion process, those related to the built solutions, and

those related to the level of skill reached by the participants.

With these conclusions and with all the information obtained

previously, finding some relationships between them should not

be difficult.

PlanEdit incorporates a subsystem for monitoring and ana-

lyzing learning activities (the Learning Activities Monitor). This

allows the interaction within the work group to be visualized and

analyzed. To do so, several aspects of the collaboration are

modeled using indicators represented by linguistic variables.

These variables are used to obtain conclusions in a fuzzy

logic-based inference process [28]. This process is based on

the method proposed by DEGREE [9]. In addition, the tool

includes another subsystem to analyze the products that the

learners build (the Product Analyzer Subsystem). This analysis

is carried out by applying pattern matching techniques that

interpret and contrast the learners’ plans with ideal models

represented by expert knowledge [29]. As such, the framework

provided by PlanEdit is a valid context for the study of the

relationships between the collaborative process that is followed

in order to build a product (design plan) and the product itself. In

the following sections, we describe our approach to collaborative

analysis based on GCS and how it has been implemented in

PlanEdit.

A METHOD BASED ON GENETIC CLASSIFIER
SYSTEMS FOR ANALYSIS OF COLLABORATIVE
LEARNING ACTIVITIES

In this section, we present our proposal based on the application

of AI techniques to process and solution analysis in CSCL

systems. As we have commented above, the proposed analysis

method is oriented towards those CSCL activities which

promote the learning of design by problem solving (in particular

following a process of CPD) and provide support for collabor-

ation by conversation-based discussion. The analysis method

and the tool that implements it have been developed in accord-

ance with the guidelines proposed by Bravo et al. [4]. In particu-

lar, our method is oriented towards the configuration and

calibration tasks that are found in the abstraction phase of the

analysis framework presented by these authors. Next, we will

briefly explain the foundations of the proposed analysis method,

that is, the GCS, and the adaptation of this technique to our

purpose of classifying learning scenarios.

Figure 2 General outline of the framework for the analysis of experiences in DomoSim-TPC. [Color figure can be

viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Analysis Method Foundations: Genetic Classifier
Systems

A classifier system (CS) is a machine learning system which

learns syntactically simple string rules (called classifiers)

[30,31]. A classifier system takes its name from its ability to

learn how to classify messages from the environment into gen-

eral sets and is similar in many respects to a control system. Just

as a control system uses feedback to control or adapt its output

for an environment, a classifier system uses feedback to teach or

adapt its classifiers for an environment. A classifier system has

three main components: (a) rule and message subsystem, (b)

apportionment-of-credit subsystem, and (c) a classifier discovery

mechanism (primarily the genetic algorithm). The concepts and

elements that define the operation of a GCS are as follows:

The rule and message subsystem of a classifier system is a

special kind of production system. A production system is

a computational scheme that uses rules as its only algo-

rithmic device. The rules are generally of the following

form: if <condition> then <action>.

A classifier is a production rule with this syntax:

<classifier> ::¼ <condition>:<message>.

A message (or tuple) within a classifier system is simply a

finite-length string over some finite alphabet. If we limit

ourselves to a binary alphabet we obtain the following

definition: <message> ::¼ {0,1}. Here the symbol ‘‘::¼’’

means ‘‘is defined as.’’ Messages are the basic token of

information exchange in a classifier system.

Once a classifier’s condition has been matched, that clas-

sifier becomes a candidate to post its message to the message list

on the next time step. Whether or not the candidate classifier

posts its message is determined by the outcome of an activation

auction, which in turn depends on the evaluation of a classifier’s

value or weighting. The auction permits suitable classifiers to be

selected to post their messages. Although there are a number of

ways of doing this, the most prevalent method incorporates

what Holland has called a bucket brigade algorithm. To parti-

cipate in the auction, each classifier maintains a record of its

net worth, called strength. The strength portion of the classifier

gives a measure of the rule’s past performance in the environ-

ment in which it is learning. That is, the higher a classifier’s

strength the better it has performed and the more likely it will

actually be used when the condition matches an environmental

message and to reproduce when the genetic algorithm (GA) is

applied.

The messages may match one or more classifiers or string

rules. The ‘‘#’’ symbol acts as a wild card or ‘‘don’t care’’ in the

condition. This allows for more general rules. The more ‘‘#’’

symbols, the more general the rule. The measure used to

quantify this is called: specificity. The specificity of a classifier

is the number of non ‘‘#’’ symbols in the antecedent.

The apportionment of credit subsystem deals with the modi-

fication in strength of classifiers. As the classifier system receives

messages from the environment, all the classifiers which match

one (or more) of the messages compete, by submitting a bid, in

an auction to determine a victorious classifier that will affect the

environment. The victorious classifier’s modification will be

beneficial or detrimental to the environment. With this feedback,

the apportionment-of-credit system appropriately uses reinforce-

ment and punishment to increase or decrease the strength of the

victorious classifier that caused the modifications. Finally, taxa-

tion is levied on each classifier per iteration and on each classifier

that submits a bid during an auction.

Last of all, after a specific number of cycles of execution of

the classifier system, an evolutionary genetic procedure is

started up to discover new classifiers from those with greater

strength and to update the population of rules. The present

strength of each classifier allows the classifier to compete with

the others in the genetic algorithm in order to obtain the best

population of rules, that is, those that best define the concept.

The Analysis Method

As we have mentioned above, our analysis method follows the

framework for process and solution analysis proposed in Ref. 4.

According to this framework, the interaction and collaboration

analysis processes are usually carried out in a three-phase life

cycle: observation, abstraction, and intervention. The obser-

vation phase captures raw data that describe the learners’ work

(proposals of each learner, answers to questions set by the

teacher, etc.). The abstraction phase calculates indicators that

analyze the collaborative learning [32]. These analysis indicators

are quantitative or qualitative variables that characterize various

aspects of the collaborative learning process (flow of communi-

cation, level of coordination, speed of work, quality of solutions,

etc.). Finally, the intervention phase uses the analysis indicators

to improve the collaborative work by means of actions such as

advising the learners on how to correct the deficiencies detected

by the analysis indicators.

The first stage of our analysis method therefore consists of

the identification of indicators for both the process and the

product. Each learning activity is described using a set of

analysis indicators that characterize the learning process and

the products obtained as a result of it. According to Dimitrako-

poulou [33], an analysis indicator gives information about either

the quality of the individual activity, the mode of collaboration,

or the quality of the collaborative product. In the context of the

argumentative discussion for the CPD (and based this decision

on previous experiences described in Ref. [29]) we consider the

following set of analysis indicators. The first three indicators are

related to the process, while the last two describe characteristics

of the product:

Modeling: Referring to the contributions that make the

design plan evolve.

Discussion: Representing the argumentative discussion

between the group members to justify the design de-

cisions taken to solve the set problem.

Cohesion: Providing an assessment of the group, indicating

if their members have worked collaboratively or

individually.

Solution Validity: Indicating whether or not the specified

requirements have been met.

Solution Difficulty: A solution is considered difficult when

the difficulty level associated with it exceeds a certain

threshold, as defined by the evaluator.

Table 1 shows these indicators and the types of values they

can take. The values are expressed in linguistic terms. The

indicator’s type is also indicated, showing whether it is related

to the collaboration process or to the product. The values of

708 MOLINA ET AL.
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these indicators are obtained by executing the subsystems to

monitor and analyze learning activities in PlanEdit. This corre-

sponds to the observation and abstraction phases of the analysis

framework described in Ref. 4.

The next stage consists in defining an initial set of classi-

fication rules for collaborative activities which will allow for the

characterization of significant situations. These rules can be

contributed by an expert, obtained by applying a non-

supervised learning process or identified by means of a statistical

study that analyses the correlation between the indicators.

The classification validity of the initial set of rules is not

relevant, since this set will be refined and adapted to the new

situations that can emerge during the use of the CSCL environ-

ment. The next stage of the method develops the process of

adapting the rule system to the CSCL environment by means

of the GCS. The details of this algorithm can be consulted in

Ref. 34. We adapt the concepts handled by the GCS to our

scenario as shown in Figure 3. The fundamental elements of

this adaptation are as follows.

As explained above, tuples are used to define situations or

events (or messages) as well as the precedents of the classifi-

cation rules. In our case they are formed by the values that the

analysis indicators take (Solution Validity, Solution Difficulty,

Modeling, Discussion, and Cohesion). The values of these

indicators are obtained by executing the subsystems to monitor

and analyze learning activities in PlanEdit (Fig. 3A). In

Figure 3B we can see an example tuple. In this example, the

value of each element in the tuple is (Valid Correct, Yes, High,

Medium, High) or, in code form (VC, Y, H, M, H).

A classifier (ci) is each of the rules that allow us to define a

concept C (in this case, a possible classification or characteriz-

ation of a learning setting or a collaborative learning activity).

Each classifier consists of an assignment of possible values for

each of the indicators shown in Table 1 (Fig. 3C). The symbol # is

used to indicate that a value is not set. Each concept is expressed

formally in predicate logic in the form c1 _ c2 _ . . . cr : C.

Therefore, an example of a classification rule could be:

ðValid Correct_Valid Well Constructed;#;#;High_Medium;

High_MediumÞ : Effective Learning:

Which can be written in code form as:

ðVC_VWC;#;#;H_M;H_MÞ : Effective Learning

This rule allows us to define a scenario of effective learn-

ing. An expert considers that this kind of scenario has been

produced when the solution obtained is valid correct (VC) or

valid well constructed (VWC) and the process is characterized by

a medium (M) or high (H) level of discussion and cohesion in the

group. As an action of the rule the expert can define a warning

message to be displayed when situations of this kind are

detected. For example:

ðVC;#;#;H;HÞ : Welldone: Carryon:

The Michigan Approach [Holland] is used for coding

the classifiers. This notation includes fixed-size classifiers,

Table 1 Indicators That Characterize the Process and Product of a

Collaborative Learning Activity

Indicator Type Values

Solution validity Product Not Valid (NV)/Valid Incorrect

(VI)/Valid Redundant (VR)/Valid

Correct (VC)/Valid Well

Constructed (VWC)

Solution difficulty Product Yes (Y)/No (N)

Modeling Process Low (L)/Medium (M)/High (H)

Discussion Process Low (L)/Medium (M)/High (H)

Cohesion Product Low (L)/Medium (M)/High (H)

Figure 3 Overall schema of the elements involved in the execution of the proposed analysis method. (A) Analysis

Indicators (process-product); (B) Tuple (New event); (C) Knowledge base (Classifiers); (D) Strength; (E) Warning

Messages; (F) Genetic Algorithm. [Color figure can be viewed in the online issue, which is available at

wileyonlinelibrary.com.]
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which facilitates the computational processing (Fig. 3C).

The example above can be expressed as follows:

ðVC;#;#;H;HÞ_ðVWC;#;#;M;MÞ_. . . : EffectiveLearning

Each classifier has an associated strength which measures

its ability to define a concept (Fig. 3D).

Every time a situation is classified by rules from the knowl-

edge base, the system will respond with a warning message to

attract the learners’ attention and to guide them towards a better

next step in the problem solving process (Fig. 3E).

Finally, after a specific number of learning activities, a

genetic algorithm is started in order to update the population

of rules (Fig. 3F). In our case the selection function is made by

drawing lots and the replacement is made by crowding factor,

since we are not interested in finding the best rule but in obtain-

ing a complete population that carries out the best situation

recognition work possible.

To illustrate the operation of the GCS, we present a simple

example. Let us consider that the system must learn to determine

whether or not the social process of solution development is

following a path that is considered effective. We will assume

that, in a given instant, the system has the classifier population

shown in Table 2.

In a certain instant t the system detects that the current

situation is characterized by a tuple (message) of the following

type (VC, Y, H, M, H). This description of the current situation

indicates that the partial solution found so far is correct (VC) and

difficult (Yes), existing an amount of modeling that can be con-

sidered high (H), a medium degree of discussion or argumenta-

tion (M), and a high group-cohesion (H). As we can see, the

identification of the current scenario (the arrival of the new

message) triggers the activation of the classifiers q1, q2, and

q4. These classifiers will compete to send their messages via

an auction process. With the matching classifier pool deter-

mined, the auction commences. Each classifier participating in

the auction submits a bid that is a function of the classifier’s

strength (second column in Table 2) and specificity. Only the

winning classifier’s bid is paid, so only the winning classifier has

its strength decreased by the same amount as the winning bid.

The proposed analysis method, which is automatic, can be

complemented by the contributions that an expert (or trainer),

acting as an evaluator, can make, largely with regards to the

classification of significant settings. The expert’s intervention helps

to penalize or fortify the various classification rules that the

method can generate. When the winning classifier has a

beneficial effect upon the environment, the trainer sends positive

feedback, causing the winning classifier’s strength to increase.

Conversely, a detrimental effect leads to punishment. Since the

winning classifier’s strength decreases when it wins the auction

and pays its bid, whilst punishment is implicit whenever a

reward is not given. In addition, an adjunct strength reduction

may occur. If the trainer has the ability to rank environmental

effects, then the rewards and punishments can be scaled

appropriately.

A TOOL FOR SUPPORTING COLLABORATIVE
LEARNING ACTIVITY ANALYSIS METHOD

In this next section, we provide some details about the

tool developed to implement our method and the architecture

that describes how we have incorporated this analysis tool into

our initial CSCL environment (DomoSim-TPC and PlanEdit

tool).

The Analysis Tool

This section presents the tool for process-product analysis. In

Figure 4 we can see the process that the analysis tool supports. It

is made up of several stages.

The first stage (Fig. 4A) consists of recording of events

from the CSCL system (in our case, DomoSim-TPC). Each

event is formed by the values taken by the aforementioned

analysis indicators (Solution Validity, Solution Difficulty, Model-

ing, Discussion, and Cohesion). These events are recorded in a

database. Using this initial set of events we can obtain the initial

rule base. This can be created from a statistical correlation

analysis, from the opinion of an expert (who would enter the

rules according to his/her experience), or from a non-supervised

learning algorithm (which groups events and infers classification

rules) applied to an initial set of learning activities (Fig. 4B).

The tool we have developed implements a clustering algorithm,

which uses the k-means technique [35] to obtain the initial set of

rules. In this way, we obtain the initial set of classifiers (specifi-

cally, the antecedents of the classification rules).

Once the grouping of events (antecedents of the classifi-

cation rules) has been done, the expert can define the action to

be triggered, in this case, the warning messages to show when a

scenario is classified (Fig. 4C). Once the initial set of classifiers

has been defined, the GCS, described in the The Analysis

Method Section, can operate (Fig. 4D). As mentioned above,

the expert intervenes in the training of the classification rules,

penalizing and fortifying them (Fig. 4E).

When the knowledge database has been trained, the method

allows the operation of the analysis tool to be validated and

simulated (Fig. 4F). To do this, classification algorithms can

be used (e.g., the ID3 and CART) [36]. The expert can introduce

new events (definition of new scenarios) and observe the behav-

ior of the classifier system and the outcome. When the expert has

checked the performance of the analysis tool, this can be

included in the initial system. We suggest this be done using

an architectural proposal, as described in the Integration Into

DomoSim-TPC Environment Section. In this way, the students

interact with the system producing new events and receiving the

warning messages defined by the expert (Fig. 4G). The GCS,

implemented by the analysis tool, allows the knowledge data-

base to adapt and evolve in order to respond better to new events

or learning situations.

Figure 5 shows the main areas that make up the analysis

tool’s user interface. The analysis can be carried out during the

course of experiences as well as after them. The user can choose

from a set of predefined classifiers, or he/she can create a new

set of classifiers (Fig. 5A). In the latter case, the top right-hand

area of the user interface (Fig. 5B) will be enabled, allowing the

Table 2 Sample of Valid Classifiers

Rule Strength

q1 ¼ (#, #, #, #, H): Effective Learning 22.1

q2 ¼ (VC, #, #, M, #): Effective Learning 12.3

q3 ¼ (#, #, L, #, L): Non-Effective Learning 9.3

q4 ¼ (VC, Y, #, #, #): Effective Learning 4.2
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Figure 5 User interface of the application, allowing the expert knowledge based to be trained to classify collaborative

learning experiences. (A) Classifiers to train; (B) New classifiers definition; (C) Parameters of the training algorithm; (D)

Expert Evaluation. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

Figure 4 General operating scheme of the collaborative learning activities analysis tool. (A) Record events; (B) Group

events; (C) Define warning messages; (D) Training; (E) Personalize and fortify classification rules; (F) Validation; (G)

Students using the system. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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user (the expert) to define the values of the indicators for each

rule and the action to be triggered when the classifier is acti-

vated. The tool includes a number of predefined warning

messages. New warning messages can be defined by clicking

the button labeled Add. In addition, the action to be triggered

can also be the execution of an operation. The expert or eval-

uator can add as many initial classifiers as he/she wishes. The

greater the number of classifiers, the greater the proportion of

events covered by the classifier and the more precise the identi-

fication of situations (events).

Once the classifiers have been defined, the next step is the

training and adjustment of the knowledge base rules. Before

training, certain parameters of the training algorithm must be

defined (Fig. 5C), such as the stop condition for the algorithm,

which can be the fulfillment of a specific certainty factor,

expressed as a percentage. Also, the frequency with which the

genetic algorithm is to run can be set, and is expressed as a

number of iterations. Once the parameters have been defined, the

training of the rules can begin (Train button). When the option

of training with certainty factor is selected, the bottom right-

hand area of the user interface (Fig. 5D) is enabled. In this case,

the events as well as the actions they produce are shown to the

expert (trainer) so that he/she can express his/her assessment of

the Event-Action pair.

When the knowledge base has been trained, the tool allows

two classification algorithms (ID3 and CART) to be executed, in

order to validate and observe the behavior of the classifier sys-

tem. Figure 6 shows a screenshot of the tool when a warning

message has been generated as a result of an event being

identified.

Integration Into DomoSim-TPC Environment

The architectural model for the entire developed system (Domo-

Sim-TPC and our analysis tool) is shown in Figure 7. This figure

shows how the different pieces of the system have been organ-

ized. The figure shows a multi-tier client/server architecture,

optimized to provide good performance and efficiency. The sys-

tem has three tiers, namely:

User Application Tier: containing the applications that the

users (teachers, experts and students) can run on their

computers.

Service Tier: containing the Learning Activities Monitor and

the Product Analyzer Subsystem.

Data Tier: where all of the data generated from student

interactions and communication, student products, expert

plan specifications, the messages generated by the

Analysis Tool, etc. are stored.

The entire system has been implemented in the Java pro-

gramming language and using Java-related technologies. As we

can see in Figure 7, communication between the User Application

Tier and the Service Tier is performed by means of a Java RMI

(Remote Method Invocation) connection. Furthermore, all of the

generated data are stored in a database. This storage uses remote

database access through the API JDBC (Java Database Connec-

tion). The chosen database management system was MySQL.

The links and the direction of communication between the

different pieces of the architecture are shown in Figure 8. On the

right-hand side we have the group learning system, DomoSim-

TPC, with which the students carry out the various domotical

design assignments collaboratively. This system includes two

main tools: PlanEdit, providing support for the CPD during an

assignment; and a Discussion and Argumentation Space, in

which the students justify, question and explain the decisions

they make whilst building the solutions.

During the course of a learning session, DomoSim-TPC

notifies the Learning Activities Monitor (at the top of Fig. 8)

about the user interaction in the work group, and notifies the

Product Analyzer Subsystem (at the bottom of Fig. 8) about the

product design events. The Learning Activities Monitor gathers

all of the interactions and stores them in the Knowledge Base for

possible subsequent analysis (in the middle of Fig. 8). A similar

situation occurs for the Analyzer Subsystem, implemented in

order to analyze the products built by learners and to store the

different versions of the products in the Knowledge Base. In due

course, if the Analysis Tool (on the left-hand side of Fig. 8) is

launched, both the Learning Activities Monitor and the Product

Analyzer Subsystem will notify it of the corresponding events.

The Analysis Tool allows the teacher to analyze the interaction

and visualize the data and the message in the work group by

applying the proposed analysis method shown in the fourth

section. In addition, this Analysis Tool is also able to react to

certain situations detected by the GCS (at the top left of Fig. 8),

sending the corresponding message to DomoSim-TPC, which

will notify the users appropriately.

Figure 6 User interface of the classifier system validation tool (using

ID3 algorithm). [Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

Figure 7 Multi-tier client/server architecture of the developed system.

[Color figure can be viewed in the online issue, which is available at

wileyonlinelibrary.com.]
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STUDY

In order to explore the suitability of the proposed method

and the developed tool, the designed GCS was applied to real-

life collaborative learning activities. To this end, we selected

some teachers and students from secondary education (post-

compulsory secondary education) and set up a supervised

session for them with the DomoSim-TPC system. In the

following subsections we set out all of the information related

to this session.

Objective

We designed a study in order to get some experimental data

about the performance of our approach for process and solution

analysis within a CSCL environment with support for asynchro-

nous collaboration. To do so, we followed the template for

research goal definition proposed by Wohlin et al. [37]. The

goal of the experiment was defined as:

- Analyze the performance of the GCS analysis subsystem,

- for the purpose of evaluating,

- with respect to learning and application modes,1

- from the point of view of teachers, evaluators, and analysis

designers,

- in the context of CPD activities in CSCL environments

based on argumentative discussion.

Therefore, the purpose of this experiment is to empirically

explore the proposed method’s capacity to identify learning

scenarios.

Method

We invited some secondary education teachers to participate in

the experiment. These teachers randomly chose 12 beginner

students of domotics (home automation) who had no previous

knowledge of domotical design. These students represented 60%

of an entire professional training class.

The experiment was split into several stages. In the first

stage, we asked the teachers to specify five domotical design

assignments of progressively increasing complexity and size.

These assignments consisted of solving a number of problems.

In total, five domotical design problems were set, the first being

the easiest and the fifth being the most difficult.

In the second stage, we asked the students to answer some

questions about design procedures (pre-test). The results of this

test showed us that their level of knowledge about design,

particularly where highly complex problems were concerned,

was low. Next, the teachers proceeded to give some master

classes, covering theoretical concepts relating to the elements

and design procedures used in domotics.

Next, in the third stage, the 12 students were split into six

pairs. In organizing the groups, the teachers followed a pro-

cedure similar to that used for lab sessions, putting a list of

groups up and allowing the learners to form the groups them-

selves. Also, the size of the groups (two students per group)

matched that of the usual lab sessions. Following the advice of

the teachers in the experiment, we decided that it would be

better to maintain the same traditional structure and organiz-

ation. As such, the only thing that was different for our exper-

iment was that our system was being used, so the events that the

system detected and reacted to were obtained under as normal

conditions as possible.

Then, in the fourth stage, the six pairs of students were

asked to work with the CSCL environment to solve some design

problems. We defined five sessions, of approximately 40 min. In

each session, one domotical design problem was set for the

groups. The problems were solved using the DomoSim-TPC

environment and the PlanEdit tool. These problems are

described in more detail in Ref. 29. During the course of the

1The learning mode performance measures how well the
classifier system is learning how to perform the correct behavior in
an environment. The application mode performance measures the
performance of the learned classifier system in handling problems
from the same domain (but different problems) from which it was
taught.

Figure 8 Architectural model for the developed system. [Color figure can be viewed in the online issue, which is

available at wileyonlinelibrary.com.]

APPLYING GENETIC CLASSIFIER SYSTEMS 713

 10990542, 2013, 4, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/cae.20517 by U

niversidad C
astilla-L

a M
ancha, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



learning sessions, all events were registered and stored for off-

line post-processing in order to test our method. During the

sessions, of 10 min each, the Learning Activities Monitor and

the Product Analyzer Subsystem of DomoSim-TPC calculated

and recorded the values of the analysis indicators. We therefore

ended up with a database containing 120 tuples, that is to say,

the characterization of 120 real-life learning scenarios. A sample

of the obtained tuples is shown in Table 3.

In order to validate the performance of the analysis method

we carried out a comparative study of the percentage of events

identified between the set of inference rules obtained by apply-

ing a clustering process and that obtained by applying the imple-

mented GCS. To create the initial set of inference rules we used

35 of the 120 recorded tuples. The rest of the tuples were used to

test the identification ability of each set of rules.

In the first stage of the comparative study, and using the

data obtained from the experiment (35 of the 120 tuples), we

carried out a clustering process. As mentioned above, the imple-

mented tool allows a k-means algorithm to be applied. As a

result of the execution of the k-means algorithm, five well-differ-

entiated event groupings were obtained. The tuples for two of

the groupings are shown in Table 4. The first group is defined by

collaborative learning situations in which the obtained solution

can be considered valid correct (VC) or valid well constructed

(VWC), the solution difficulty is not relevant, and modeling,

discussion and cohesion are considered to be medium (M) or

high (H). The second group includes situations in which the

obtained solution is not valid (NV), the solution is considered

difficult (Y), the level of modeling is low (L) or medium and both

discussion and cohesion are considered low (L). These two tuples

characterize two sets of possible learning activity situations.

The five identified tuples (or clusters) allow for the grouping

of the 120 learning situations obtained during the use of the

DomoSim-TPC system and characterize and classify them.

In the second stage of the study, we used the five clusters

identified in the first stage as an initial set of GCS classification

rules. The five discovered groupings were presented to the

experts (teachers), who then named the groupings and provided

suitable warning messages which could be triggered by the

system and shown to the students as each event (or tuple/

message defining a learning scenario) is identified. A number

of classifier rules and the warning messages for the defined

group are shown in Table 5. For example, when the tool detects

that the solution does not satisfy the specified requirements (i.e.,

the solution is considered not valid, NV), the level of discussion

is considered to be medium (M), but the contributions carried

out do not result in the design plan evolving (the level of

modeling is considered low, L) and the members of the group

are not working together (the level of cohesion level is low, L),

the intervention message might be ‘‘You are not focusing on the

problem.’’ In this case, the students may be using the communi-

cation tool for some other purpose, but they are not working

together to create a solution.

Once the knowledge database had been completed, we

wanted to draw some conclusions about the performance of

our GCS analysis subsystem. We simulated and triggered

the occurrence of new events (using the 85 events not used

previously). We analyzed the behavior of the analysis subsystem

and, in particular, the percentage of event identification. We

compared these results with those obtained using the inference

rules provided by the k-means technique.

Results and Discussion

The result was that by applying a classifier system based exclu-

sively on the groupings made by a non-supervised learning k-

means algorithm to the aforementioned learning activity, the

system was able to detect 56.2% of the new events that occurred.

When carrying out the same classification using the proposed

GCS with training not based on certainty factors and with 30

iterations, an event identification factor of 70% was obtained.

This factor was achieved in the first phase (after the presentation

of 30 new events). In successive phases this factor improved,

finally reaching 95.1%. As the system evolves, the ability to give

a correct answer to new events improves considerably, keeping

the number of initial classifiers unchanged. We can therefore

observe that the application of the genetic algorithm signifi-

cantly improves the system’s ability to identify situations. In

this way, the analysis tool can adapt to the evolving group work,

being able to contribute useful information in order to motivate

the participants or to encourage specific kinds of situations.

We can see, therefore, how we have obtained a very high

percentage of event identification and a proven ability to evolve

when searching for suitable answers, reaching identification

factors.

CONCLUSIONS

In this paper, we have presented a method for analyzing the

collaboration efforts of different groups of learners to solve

Table 4 Two Groupings Obtained by Applying a k-Means

Algorithm

Tuples (groupings) (Solution Validity, Solution Difficulty, Modeling,

Discussion, Cohesion)

(VC _ VWC, #, H _ M, H _ M, H _ M)

(NV, Y, L _ M, L, L)

Table 5 Some Classifier Rules

Condition (Solution Validity,

Solution Difficulty, Modeling,

Discussion, Cohesion) Message

(VC _ VWC, #, #, H _ M, H _ M) Well done. Carry on

(NV, Y, L _ M, L, L) Maybe the problem is too difficult.

I am going to give you a clue

(NV, #, L, M, L) You are not focusing on the

problem

Table 3 Some Tuples Characterizing Learning Scenarios

(Recorded During the Experiment)

Tuples (Sol. Validity, Sol. Difficulty, Modeling, Discussion, Cohesion)

(VI, N, L, M, M)

(VBC, N, M, M, M)

(VC, N, M, H, H)

(VC, Y, H, M, H)

(NV, Y, H, B, B)

. . .
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the same problem using CSCL systems. Unlike traditional

approaches, which focus on analyzing only the group

discussion process, the method presented here generates rules

to infer indicators that analyze both the group work process and

the solutions that are built collaboratively to solve the problem.

Unlike CSCL systems which use AI techniques (fuzzy logic,

Bayesian networks, etc.) to automate a specific collaborative

analysis process, techniques based on GCS can adapt the

generation of rules to new collaborative situations and can

therefore be used in different CSCL systems. Moreover, the

method takes advantage of the inferred analysis indicators to

actively intervene in the collaboration with messages that help

students to solve the problems detected by the analysis.

A tool has been developed in order to implement the

proposed method, based on GCS. This tool not only allows for

the use of classifiers made available as a consequence of

previous learning activities or clustering processes but also

permits new classifiers to be defined by an expert in the field.

In the case of defining new classifiers, the tool facilitates the

training of the knowledge base by the specification of a very

diverse range of parameters which allow the evaluator to direct

and limit the entire process. In addition, the behavior of the

different classifiers in response to the introduction of certain

events into the system (in the form of classification rules, added

by the expert) can be monitored. Therefore, there is support for

the definition of new criteria which, according to the defined

parameters, makes the tool adaptable to different situations and

makes it possible to monitor learners’ behavior when different

events occur.

In order to evaluate the method and the tool, the designed

GCS was applied to real-life collaborative learning activities.

These activities consisted of solving problems in the domain

of domotics, making use of a CSCL environment that supported

the exchange of proposals and arguments between group mem-

bers in order to build design plans. The data obtained from these

activities have shown very high percentages of event identifi-

cation and the ability to evolve in the search for suitable

answers, reaching identification factors superior to 90%. The

results obtained from these experiments show a high level of

performance.

In addition, the flexibility and adaptability of the designed

method, which we have observed during the course of this study,

allow us to outline and explore its future application to other

kinds of CSCL activities, studying in depth the correction of

situations which deviate from effective learning in the course of

a collaboration process.
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automático basado en algoritmos genéticos para el análisis de

experiencias de aprendizaje colaborativo, JISBD’03—Taller de

Hipermedia Colaborativa y Adaptativa, Alicante, 2003.

[35] J. A. Hartigan, Clustering algorithms. John Wiley & Sons, New

York, NY, 1975.

[36] T. M. Mitchell, Machine learning. McGraw-Hill, New York, NY,

1997.

[37] C. Wohlin, P. Runeson, M. Höst, M. Ohlson, B. Regnell, and
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