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AbstractAbstractAbstractAbstract    
Today a large number of schools, colleges, universities, banks and businesses are moving 
towards online learning to meet their training needs. One of the significant advantages of 
online courses is the ability to customize the instruction as per the learner’s needs. This 
can be achieved by regularly monitoring the student, developing a learner profile for each 
student and delivering instruction based on the individual profile. There are a number of 
course management software products available in the market. However, most of them 
have only primitive student-monitoring features and their capability of customizing the 
instruction per student is also limited. This paper discusses a student monitoring and 
learner profiling system “Chaatra” that we are implementing. We discuss two approaches 
that utilize existing student results in tests and quizzes to help build their learner profile.   

1 IntroductionIntroductionIntroductionIntroduction    

The online learning environment offers a great opportunity to customize the learning 
experience as per the needs of the student and his/her learner profile. For example, if a 
learner profiling system determines that student ‘A’ who is enrolled in a course on 
Computer Networks seems to have a reasonably good understanding of IP Address classes 
but faces problems in the topic of subnetting, then the teacher may decide to modify the 
study material presented to student ‘A’ to focus more on subnetting, rather than on IP 
Address classes. [Niu, 2002] quotes “Learner modelling motivates the creation of systems 
that are adaptive to each learner’s interests, preferences and background knowledge in 
order to provide personalised instruction to a particular learner”. 

Thus we have an opportunity to personalise instruction not only in terms of content, but 
also in terms of teaching style and level of detail. We do not aim to suggest that such a 
personalisation, even assuming availability of detailed profile information, is easy; that is 
a different problem altogether and we do not discuss that here.  



1.1 Benefits for SBenefits for SBenefits for SBenefits for Studentstudentstudentstudents     

In an online course, lack of face-to-face interaction with the instructor and other course 
members and the freedom to learn at one’s own pace can make the learner lazy and 
unmotivated, leading to loss of interest in the course. This calls for regular monitoring and 
feedback to the student: 

• Information about their relative class participation in discussion forums and chat 
conversations. This will encourage them to make amends and get more involved in class 
discussions and debates. 

• Information about his/her strengths and weaknesses in a topic. 

• Recommendation of remedial measures where applicable. 

• Relative performance in various tests, quizzes and assignments. 

1.2 Benefits for IBenefits for IBenefits for IBenefits for Instructornstructornstructornstructor     

A well-designed and practical student monitoring system can provide a wealth of 
information to the instructor that he can use to improve his instruction and the course as 
a whole. 

• Course access statistics such as the number of course page visits. Pages with better 
contents are likely to receive more hits. 

• Individual students’ progress in qualitative form. 

• Comparative performance of groups of students on a topic, across various topics, etc. 
provides valuable information for revision of content, teaching strategy, etc. 

• The instructor may customize the instruction as per the needs of the student by 
delivering material based on the list of concepts learnt, active concepts and inactive 
concepts for that student. [Anjaneyulu, 1997] 

• Chat logs and discussion forum entries are significant indicators of class participation. 
The instructor can not only see individual student participation but also check how 
certain topics are being discussed more and others very little. He can take steps to rectify 
the situation by posting some interesting messages on those topics that encourage 
students to think about and participate in issues relating to that topic. 

1.3 Paper OverviewPaper OverviewPaper OverviewPaper Overview    

The discussion so far provides a clear motivation for a comprehensive learner profiling 
system to be set up as an integral part of any e-learning framework. Manual analysis to 
generate the kind of information desired is likely to be very expensive. In this paper, we 
propose a student monitoring and learner modelling system, named Chaatra, motivated by 
these considerations. We aim to provide a practical approach to student monitoring and 
learning modelling that can be integrated into present day web-based course authoring 
packages. The next section describes the notion of learner modelling and related issues. 
Section 3 discusses related work. Then we discuss our approach in section 4. In section 5 



we cover implementation and evaluation studies using the framework implemented. 
Section 6 explores further work and concludes the paper. 

2 Learner ModellingLearner ModellingLearner ModellingLearner Modelling    

[McCalla et al., 2000] describes learner modelling as consisting of three processes — 
retrieval of suitable data from various sources, integration of lower level models and raw 
data into higher level learner models, and interpreting the learner modelling result.  We 
first discuss the various data sources possible and then look at the issues in realising an 
effective learner modelling system. 

2.1 Sources of InformationSources of InformationSources of InformationSources of Information    

A student monitoring and profiling system may use information from various sources 
including 

• Pages visited by the student on each topic, time spent, etc. 

• Online assessment systems can record the answers to each question and also provide 
comparative analysis of one’s answer against the class answer, time taken to answer the 
question, how many times a question was visited and how many times the answer was 
changed.  

• Chat logs and discussion forum entries that are posted on the course sites. 

• Attendance records (primarily classroom attendance) 

• Quiz results for any classroom quizzes conducted 

Additional information such as previous courses taken and student’s academic background 
is also useful for developing the learner profile. The type of inputs available for 
monitoring students depends upon the educational setting, which includes the type of 
course i.e. whether it is an online or a classroom course. All available sources of 
information must be intelligently used for more accurate estimate of the learner profile.  

2.2 IssuesIssuesIssuesIssues     

In order to determine the strengths and weaknesses of the learner in a subject, one must 
identify topics and concepts the subject comprises of. Then the various areas of the course 
such as assessments, course content, discussion forums, projects, etc. must be labelled on 
the basis of the topics and concepts they deal with. This is easier said than done. The 
reasons are as follows: 

• Most of the assessments, course material, etc. would deal with multiple concepts. If a 
student gets low marks in a quiz testing for numerous concepts, how do we infer which 
concept(s) he is weak in? 

• A concept may be composed of other smaller concepts. Concepts at different levels of the 
tree must be dealt with. 



• There may be overlaps when a higher-level concept assumes the knowledge of a lower 
level concept. The system feedback about the student’s understanding would depend 
upon the depth of division of the subject into its constituent concepts. 

• When data from different sources such as quiz analysis and course access statistics need 
to be combined, similar problems arise since different course pages may not pertain to 
separately identifiable concepts.  

While the need for an effective learner modelling system is now obvious and a variety of 
data are available, realising such a system is an open problem. Most of the data are not 
easily quantifiable, in many cases not even machine processable. Integration of data from 
multiple sources poses another challenge. The data may be wrong or misleading for 
reasons such as guessing in an exam, proxy usage in website access, etc. In this paper we 
focus on one aspect of this problem namely, using exam results to obtain qualitative 
models of student understanding and course evaluation. 

3 Related WorkRelated WorkRelated WorkRelated Work    

There are a number of course management packages such as WebCT and Blackboard’s 
CourseInfo that claim to have inbuilt student monitoring and tracking features. Some of 
the student monitoring features of LMS products enable the instructor to 

1. View number of hits per page, date and time of each student's first and last login. 

2. View complete history of each student's time spent online in the entire course as 
well as on each course content page. 

3. Instructors can analyse the class based on some criteria such as students who 
logged in after a certain day and have posted a certain number of articles.  

4. The instructor can view how many bulletin board articles a student has read and 
posted and a transcript of course chat room activity. 

5. Students can view their own grades and compare it to the class summary data. 

These kinds of data do not really convey any direct information to the teacher or the 
student about the actual learning that is taking place. One has to manually correlate 
these sources of information to derive overall behaviour. The strengths and weaknesses of 
the student in a particular topic are not identified, nor are the reasons for the same 
inferred.  

There has been a lot of research and practical implementation of learner modelling, 
especially in the area of intelligent tutoring systems (ITS). ITSs are computer-based 
instructional systems that use a detailed model of the knowledge of the domain, as well as 
what the learner knows [Niu, 2002]. A number of student modelling techniques have been 
developed [Dillenbourgh and Self, 1992]. Many of these techniques employ AI approaches 
and discuss the representation of the student knowledge in terms of beliefs. Student 
models may be enumerative or generative. Enumerative models have a pre-defined set of 
beliefs that cannot be changed while the generative ones are able to generate beliefs due 
to an (usually) implicitly built-in inference mechanism [Vassileva, 1992]. When there are 



two conflicting beliefs then the question arises which belief the student must discard. This 
has been a topic of lot of research and one possible solution to the problem is by the use of 
stereotypes. In the stereotype approach, the student is assigned to a certain student-
group, such as novice, beginner, intermediate and advanced, depending upon information 
gained by performance in preliminary tests [Tsiriga and Virvou, 2002]. GRUNDY was one 
of the first systems that made use of pre-defined stereotypes. Another interesting system 
called ViSMod [Diego et al., 2001] makes use of Bayesian Belief Networks to create 
graphical views of the student model. 

Most of these systems are developed in contexts of ITSs where the domain is narrow and 
the learning is largely through interaction with the system. This enables the system to 
have access to fairly detailed information about the students’ activities. In our scenario 
this is not realistic since only coarse-grained information is accessible. Also, we rely on the 
non-intrusive approach gathering information without affecting the learning process.  

4 Chaatra: The ApproachChaatra: The ApproachChaatra: The ApproachChaatra: The Approach    

In the long run, Chaatra’s aim is to answer questions of the type given below in a 
qualitative manner. 

• How is the student’s overall understanding of the subject? 

• Does the student lag in some particular topic? If so, what could be the reason? 

• What kind of modification to the course, study material, instruction manner should be 
carried out? 

• Are any significant patterns emerging for a student-by-student basis or for the class as a 
whole? 

The system would initially be utilized for tracking the student performance in our courses. 
Currently since most courses are conducted in the conventional classroom environment, 
the primary source of input data is the module quiz result. The results of the students are 
first compiled so as to reflect which questions each student got correct and which ones he 
got incorrect, as shown in table 1. 

Roll NoRoll NoRoll NoRoll No    Q1Q1Q1Q1    Q2Q2Q2Q2    Q3Q3Q3Q3    Q4Q4Q4Q4    

S1S1S1S1    √ × × √ 

S2S2S2S2    × × √ √ 

S3S3S3S3    √ × √ √ 

… … … … … 

Table 1: Student Result Sheet 

    C1C1C1C1    C2C2C2C2    C3C3C3C3    

Q1Q1Q1Q1    ×  × 

Q2Q2Q2Q2     × × 

Q3Q3Q3Q3    ×  × 

Q4Q4Q4Q4    × ×  

Table 2: Question-concept map 

4.1 QuestionQuestionQuestionQuestion---- cocococoncept Mncept Mncept Mncept Map Pap Pap Pap Preparation reparation reparation reparation     

The next step in the process is to create a mapping between the questions of a quiz and 
the concepts they test for. In any course, students are expected to learn a set of concepts. 
Course material and lessons are provided to achieve this objective. Knowledge of these 
concepts is tested at intervals by means of quizzes and tests. In our approach, when the 



instructor conducts a quiz, he creates a list of concepts that are being tested through the 
quiz. He then creates a mapping of each question to the concepts it tests. This is what is 
called the “question-concept map”. For example, a quiz having 4 questions Q1, Q2, Q3, Q4 
and testing for 3 concepts C1, C2, C3 could have a question-concept map as shown in table 
2. Here, question Q1 tests for concepts C1 and C3, Q2 tests for C2 and C3, and so on. 

4.2 The TaskThe TaskThe TaskThe Task     

Given a question-concept map and the answer records of a set of students, our task is now 
to obtain a concept wise characterization of each student, as a set of tuples <ci,lij> where ci 
denotes a concept and lij the level of understanding of student j in concept ci. The 
representation of lij is not important at this stage. The performance of the studentj, in each 
question that tests a concept ci influences the value lij in some way. In general, question-
concept map is a many to many mapping and constraints imposed are fairly complex. For 
example, it is not unusual to find that a student answers one question testing a concept ci 
correctly and another question of a similar type wrongly! We need to hypothesis a 
meaningful student model in presence of such difficulties. This problem forms the main 
focus of our work and this paper. We outline two approaches to solve this problem. 

Approach 1: Heuristic Method Approach 1: Heuristic Method Approach 1: Heuristic Method Approach 1: Heuristic Method ---- One can determine how well a student x grasped a 
concept c from the percentage of questions x got correct, among those testing for the 
concept c. 

Approach 2: Relaxation method Approach 2: Relaxation method Approach 2: Relaxation method Approach 2: Relaxation method ---- Here we start with a random estimation of the student’s 
understanding of the various concepts, and then gradually refine it until the error is 
minimal. This approach eliminates some limitations of the first approach at the cost of a 
more elaborate process. We discuss these two approaches in detail below: 

4.3 Approach 1:  Heuristic MethodApproach 1:  Heuristic MethodApproach 1:  Heuristic MethodApproach 1:  Heuristic Method    

4.3.1 NotationsNotationsNotationsNotations    

Let q[c] = Total number of questions that test for concept c (it may test other concepts 
also) and q[c][x] = Number of questions that test for concept c that student x answered 
correctly. Let u[c][x] = Understanding of concept c by student x 

u[c][x] = q[c][x] / q[c]  (assuming q[c] > 0) 
If there are no questions testing for a concept c, student x’s understanding of c cannot be 
determined using this model. We ignore this case in our discussion in this paper.  

In general, questions test for multiple concepts. If a student correctly answers a question 
that tests for two or more concepts, then it can be assumed that he has grasped all the 
tested concepts. On the other hand, if a student x gets a question testing for concepts c1 
and c2 wrong, this may happen either because he understands c1 but not c2 or he 
understands c2 but not c1 or he understands neither c1 nor c2. u[c][x] would have been 
more accurate if each question tested only for a single concept. Our estimates become 
more accurate, when only the questions testing for a single concept are considered. 

u`[c][x] = q`[c][x] / q`[c] 



where, q`[c][x] represents the number of questions that test for concept c alone that 
student x answered correctly and q`[c] = Number of questions that test for concept c alone. 

But in this method, questions testing multiple concepts are totally eliminated. These 
questions must also be accounted for, especially if majority of the questions are of this 
nature. In order to utilize all questions, one may use a weighted sum of u[c][x] and 
u`[c][x]. Thus,  

uuuunewnewnewnew[c[c[c[c][x] = W1 ][x] = W1 ][x] = W1 ][x] = W1 ×××× u`[c][x] + W2  u`[c][x] + W2  u`[c][x] + W2  u`[c][x] + W2 ×××× u[c][x] u[c][x] u[c][x] u[c][x]    
where W1 is the weight for questions testing a single concept and W2 is the weight for 
questions testing more than one concept. Generally, W1 > W2, since questions testing a 
single concept are more dependable. This approach can be extended to derive collective 
results for the entire class. u[c] represents understanding of a concept c by the entire 
class, which can be approximated as: 

u[c] = (∑n
i=1q[c][i]) / (n × q[c])   where, n is the number of students.  

u`[c] may be derived in a similar manner. 

Advantages and disadvantages of the approachAdvantages and disadvantages of the approachAdvantages and disadvantages of the approachAdvantages and disadvantages of the approach - The main advantage of this approach is 
that it is a simple commonsensical procedure. However it does not address the problem of 
the many-to-many relationship between questions and concepts. When most of the 
questions test multiple concepts this approach does not work. When bulk of the questions 
are single-concept questions, this is quite effective. 

When there are very few questions per concept, the approach is not reliable. The method 
works best when there is a large pool of questions and a small number of tested concepts. 
The approach also considers all questions to have the same level of difficulty. 

Under certain conditions, it may be possible to make the calculation of understanding for 
some concepts more accurate. For example, if a student gets most questions testing for c1 
(only) correct, and gets a lot of questions that test for c1 and c2 incorrect, one could 
logically conclude that probably the student is weak in concept c2, and not in c1. 

4.4 Approach 2: Relaxation MethodApproach 2: Relaxation MethodApproach 2: Relaxation MethodApproach 2: Relaxation Method    

The second approach aims to get rid of the problem of questions testing multiple concepts. 
It also keeps in mind that some questions are more difficult than others. The question-
concept map is now enriched with an indication of the level of understanding of the 
concept required for answering the question correctly. The map is shown in table 3. 

    C1C1C1C1    C2C2C2C2    C3C3C3C3    

Q1Q1Q1Q1    1  2 

Q2Q2Q2Q2     2 1 

Q3Q3Q3Q3    2  1 

Q4Q4Q4Q4    1 1  

Table 3: Question-concept map with 
concept levels 

....    Roll NoRoll NoRoll NoRoll No    Q1Q1Q1Q1    Q2Q2Q2Q2    Q3Q3Q3Q3    Q4Q4Q4Q4    

ActuaActuaActuaActual resultl resultl resultl result    S1S1S1S1    √ × × √ 

Predicted resultPredicted resultPredicted resultPredicted result    S1S1S1S1    × √ × √ 

ErrorErrorErrorError     1 1   

Table 4: Student S1’s actual result and predicted 
result 



The level of concept understanding can be numerically represented on a scale of 0 to some 
max value, where 0 means zero understanding of the concept and max value signifies the 
highest level of understanding. In the map shown, to answer question Q1 correctly one 
requires minimally a level 1 understanding of concept C1 and level 2 understanding of 
concept C3. The converse is also assumed to be true - given that the student’s 
understanding of concept C1 is at a level 1 or more and understanding of concept C3 is at 
a level 2 or more, we expect him to get the question Q1 correct. 

The first step is to make some estimate E of the student’s understanding. This will be a 
vector of N numbers for a question-concept map of N concepts. Then one determines which 
questions he is likely to get correct if E is his understanding. For example if E=<1,2,1> the 
student would get Q1 wrong since a minimum understanding of level 2 is required in 
concept C3 to get Q1 correct and he has a lower understanding of level 1. 

Thus the likely result for the student can be derived for all questions. Then this predicted 
result is compared with the actual result of the student as shown in table 4. The total 
error in this example is 2. The estimate E is progressively modified to reduce the error as 
much as possible. Table 5 shows the error for different values of E in this case. Thus error 
is minimum (in this case 0) when E=<1,1,2>. Thus, the understanding of S1 is level 1 for 
concept 1, level 1 for concept 2 and level 2 for concept 3. 

EEEE    ErrorErrorErrorError    EEEE    ErrorErrorErrorError    EEEE    ErrorErrorErrorError    EEEE    ErrorErrorErrorError    EEEE    ErrorErrorErrorError    EEEE    ErrorErrorErrorError    

000 2 012 2 101 2 120 1 202 1 221 3 

001 2 020 2 102 1 121 2 210 1 222 2 

002 2 021 3 110 1 122 1 211 1   

010 2 022 2 111 1 200 2 212 1   

011 2 100 2 112 0 201 3 220 1   

Table 5: Enumeration of student profile vs error estimated 

Advantages and disadvantages of this approachAdvantages and disadvantages of this approachAdvantages and disadvantages of this approachAdvantages and disadvantages of this approach - The problem of questions testing 
multiple concepts is solved. All questions contribute to determining the profile. The 
additional information of level of the concept being tested indirectly solves the problem of 
difficulty level of a question. A question that requires a higher level of understanding of 
some concepts being tested than another question testing the same concepts can be 
assumed to be more difficult than the other question. 

5 ResultsResultsResultsResults    

The analysis framework was applied to the Computer Organisation and Operating 
Systems (COOS) module results of NCST’s postgraduate diploma course. The COOS 
module consists of 3 quizzes. Each quiz consists of 25 questions. The questions are all 
multiple-choice questions having 4 choices each. The subject was divided into 12 concepts 
— computer system basics, processes, scheduling, mutual exclusion, deadlocks, I/O, file 
management, virtual memory, distributed operating system, Unix case study and NT case 
study. Each quiz question was mapped to a subset of this concept set. Most of the 
questions were found to map to a single concept. No question mapped to subsets longer 



than 3 elements. The analysis of student results of all quizzes taken for the COOS module 
was carried out using approach 1. For each student x, u[c][x], u`[c][x] and unew[c][x] was 
found for each concept c as described earlier. We used weights W1=0.75 and W2=0.25. 

Figure 1: Graphical display of a student’s 
understanding 

 
StudentStudentStudentStudent    Min Min Min Min 

ErrorErrorErrorError    
Minimum EstimateMinimum EstimateMinimum EstimateMinimum Estimate    Maximum Maximum Maximum Maximum 

EstimateEstimateEstimateEstimate    

S1 3 <2,0,1,3,2,1,2,2,1> <3,0,3,3,3,1,2,3,1> 

S2 4 <3,0,2,0,3,1,1,0,2> <3,0,3,3,3,3,1,3,3> 

S3 3 <3,0,2,3,3,0,1,0,2> <3,0,3,3,3,3,1,3,3> 

S4 2 <3,0,1,3,3,1,2,2,1> <3,0,3,3,3,3,3,3,1> 

S5 0 <3,0,2,2,3,1,2,2,1> <3,0,3,2,3,3,3,3,1> 

S6 4 <0,0,0,0,3,1,0,0,0> <0,0,3,0,2,0,0,3,3> 

Table 6: Sample minimum and maximum 
estimates of concept understanding 

The output for a selected student is shown in figure 1. Based on predefined thresholds the 
understanding value was classified as good, medium or weak. Additionally, “Not 
conclusive” is flagged when the number of questions testing for the concept is below a 
threshold and thus cannot be a reliable measure. The student can also view a comparison 
of his understanding and average class understanding for each concept. Additional 
reference material for the weak concepts is also displayed. 

The second approach was applied to a set of 600 students. Their results in a single quiz 
consisting of 25 questions were considered for the analysis. The quiz-concept map for the 
quiz consisted of 9 concepts. Four levels of concept understanding were chosen 
qualitatively meaning no, weak, medium and good understanding. All the possible values 
of the estimate E were used to compute the error, and then the estimate giving the lowest 
error was chosen as the understanding of the student. In general, the number of estimates 
is pn where p is the number of possible values of understanding and n is the number of 
concepts. Therefore, in our analysis there were 49 possible estimates of the student’s 
understanding. 

It was observed that the minimum error was not always zero. The number of estimates 
that produced the same (minimum) error was also found to be high, for many cases. 
Therefore only the boundary values of the entire set of estimates that gave the same 
minimum error were considered. The two boundary values i.e. the minimum estimate and 
the maximum estimate were computed for each student, as shown in table 6 above. 

If E1<x1,x2,…xn> and E2<y1,y2,…yn> denote the lowest and highest estimates thus 
obtained giving the same minimum error, one can conclude that the student has a 
minimum understanding of x1 in concept 1 but may have up to a maximum understanding 
of y1. From the table, for concept c1 student S1 has an understanding between 2 and 3, for 
a concept c2 his understanding can be determined exactly as 0, for concept c3 his 



understanding lies between 1 and 3, and so on. For the analysis to be useful it is necessary 
that the difference between the two estimates be as small as possible. 

In the above example, for student S1, the calculation of understanding of concept c2 is 
most useful since it conclusively states that he has 0 i.e. no understanding of the concept 
c2. The result for c3 is the least useful since the range of 2 means that the student has an 
understanding between weak and good. This hardly conveys any information. In our 
study, for 62% percent of the cases the calculated values of concept understanding had a 
range of 0 or 1 and the instructor is conveyed useful information about the students’ 
knowledge. At the same time, in 26% of the cases we were unable to deduce anything 
useful (range 3). 

Another important factor that needs to be 
studied is the minimum error for each student. 
The ideal scenario is that the understanding of 
every student be calculated with zero error. 
Our analysis gives us the following graph of 
number of students who got a given minimum 
error value. It shows that for only 58% of the 
students understanding was calculated with an 
error of less than or equal to 5. For only 4 
students the calculation gave zero error. In the 
ideal scenario for all 600 students we should be 
able to find estimates at zero error.  

The graph in figure 2 would give an impression that the approach does not work. However 
there are certain fundamental factors that greatly influence such analyses. Firstly, the 
quiz whose results were analysed did not use negative marking for incorrectly answered 
questions. This means that there would have been a fair amount of guessing of answers by 
students. A student who blindly guesses answers for 10 questions might get 2 or 3 correct, 
but this is no indication of his knowledge of the domain. This type of random guessing can 
really alter the analysis result, especially when there are just 25 questions being 
considered. The approach would work better when constraints such as negative marking 
are incorporated. 

Secondly, the number of concepts (9) was too large to be tested in 25 questions. The 
question design of the quiz is of utmost importance for any kind of test results’ analysis to 
be successful. In order to assess strengths and weaknesses of the student based on his 
answers to quiz questions, the questions must be designed very carefully such that there 
are adequate (at least 4-5) questions testing for each concept. Also questions that test for 
the same concept must test knowledge of the concept at different levels. It is then easier to 
determine at what level the student’s understanding is. 

This type of analysis would work best in environments where majority of the students are 
serious learners and there is less opportunity for analysis results to be corrupted by 
factors such as guessing. By serious learners we do not imply that learners be 
exceptionally bright, but rather they have a methodical and directed approach towards 
learning the subject matter, rather than having an overall superficial knowledge about the 
material without any in-depth knowledge about anything.  

Figure 2: Frequency distribution of 
errors 



6 ConclusionConclusionConclusionConclusion    

We have reported in this paper a feasible framework for learner modelling which is an 
important factor for viable implementation of online learning. Of course, the model is also 
usable in traditional learning environments. The model has been implemented and we 
plan to deploy this in our courses on a trial basis - partly to gather more data spanning 
different types of students and topics. We feel we have only scratched the surface of this 
problem. Work is in progress to carry out more detailed and extensive analysis. The 
results so far have been quite encouraging for the approach — despite the apparent 
negative nature. 

For realistic results, it is important to be able to incorporate input sources other than 
exam results. This, as mentioned earlier, is a major area. We even need to explore an 
adequately general framework for integrating the knowledge available from such 
disparate sources. This is another major direction forward. 
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