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APPENDIX A: PROGRAMS  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure -1 XML Parsing  

public class ParseXMLUsingJDOM { 

 public static void main(String[] args) throws SQLException, IOException { 

  SAXBuilder builder = new SAXBuilder(); 

  String filePath = "I:\\MSc\\Tharsan \\backup-cs5404cns-2010s3-
20130518-1701"; 

  File xmlFile = new File(filePath +"\\moodle - orignal.xml"); 

  try { 

   Document document = (Document)builder.build(xmlFile); 

   Element rootNode = document.getRootElement();   

   List infoElements = rootNode.getChildren("INFO");   

   if(infoElements.size() > 0 ){ 

   for(int a = 0; a < infoElements.size(); a++){ 

   Element node  = (Element) infoElements.get(a); 

   String name  = node.getChildText("NAME"); 

   String moodleVersion  = node.getChildText("MOODLE_VERSION"); 

if(users != null){ 

   List userList = users.getChildren("USER"); 

   if(userList.size() > 0) { 

   for(int l = 0; l < userList.size(); l++){ 

   Element userElement = (Element)userList.get(l); 

   String userName = userElement.getChildText("USERNAME"); 
   String userFirstName= userElement.getChildText("FIRSTNAME");
   String userEmail = userElement.getChildText("EMAIL"); 
   String userTimeZone  = userElement.getChildText("TIMEZONE");
   String userCountry = userElement.getChildText("COUNTRY") 
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Figure - 2 Calculate the percentage of access by good students 

 

USE Moodle 

GO 

DECLARE @CourseId INT 

DECLARE @ResourceId VARCHAR(250) 

DECLARE @TotalNumberOfResourceAccessInCourse INT 

DECLARE @numberOfAccessOfSingleResource INT 

DECLARE @percentageOfAccessOfSingleResource NUMERIC(16,2) 

DECLARE @getMoodleResources CURSOR 

SET @getMoodleResources = CURSOR FOR 

SELECT [CourseId],[Id] 

FROM [Moodle].[dbo].[ModResource] 

OPEN @getMoodleResources  

FETCH NEXT  

FROM @getMoodleResources INTO @CourseId, @ResourceId 

WHILE @@FETCH_STATUS = 0      

SET @TotalNumberOfResourceAccessInCourse = (SELECT COUNT(*)   
              
FROM (SELECT DISTINCT logUserId, logInfo        
 FROM [Moodle].[dbo].[log]       
 WHERE logModule = 'resource' AND logAction = 'view'  AND                    
CourseId = @CourseId) AS X ) 

SET @numberOfAccessOfSingleResource = (SELECT COUNT(*)    
FROM ( SELECT DISTINCT logUserId, logInfo                          
  FROM [Moodle].[dbo].[log]       
 WHERE logModule = 'resource' AND logAction = 'view'  AND                                                  
CourseId =  @CourseId AND logInfo = @ResourceId) AS Y)    
        

SET @percentageOfAccessOfSingleResource = @numberOfAccessOfSingleResource * 100 

/ CAST(@TotalNumberOfResourceAccessInCourse AS DECIMAL(16,2))   
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APPENDIX B: RESULTS 
Table 1  Accuracy of student model with manual split with three class labels 

    Used data set  
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Decision Tree 54.90 55.56 53.33 53.33 53.57 

Neural Networks 60.78 46.67 53.33 44.44 57.14 

SVM 50.98 48.89 53.33 48.89 53.57 

k-NN 33.33 40.00 48.89 42.22 46.43 

Naive Basis 45.10 57.78 48.89 48.89 57.14 

Rule Induction  45.10 42.22 53.33 35.56 53.57 

Perceptron 45.10 17.78 51.11 40.00 50.00 

Linear Regression 47.06 57.78 55.56 51.11 50.00 

Polynomial Regression 31.97 42.22 24.44 33.33 42.86 

Vector Linear Regression 19.61 24.44 24.44 24.44 21.43 

Gaussian Process 39.22 46.67 53.33 48.89 50.00 
 

Table 2  RMSE of student model with manual split with three class labels 

    Used data set  
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Decision Tree 0.63 0.62 0.62 0.60 0.62 

Neural Networks 0.58 0.70 0.63 0.71 0.61 

SVM 0.60 0.62 1.08 0.62 0.60 

k-NN 0.82 0.78 0.72 0.76 0.73 

Naive Basis 0.61 0.59 0.63 0.62 0.62 

Rule Induction  0.72 0.74 0.65 0.62 0.62 

Perceptron 0.73 0.88 0.69 0.77 0.71 

Linear Regression 0.65 0.55 0.86 0.65 0.64 

Vector Linear Regression 0.90 0.87 0.87 0.87 0.89 

Gaussian Process 0.78 0.73 0.70 0.71 0.71 
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T able 3  Accuracy of student model with manual split with four class labels 

    Used data set  
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Decision Tree 33.33 40.00 42.86 36.84 

Neural Networks 37.78 31.11 35.71 31.58 

SVM 33.33 42.22 53.57 36.80 

k-NN 33.33 37.78 39.29 42.11 

Naive Basis 37.78 37.78 39.29 31.58 

Rule Induction  33.33 33.33 46.43 47.37 

Perceptron 15.56 40.00 39.29 36.84 

Linear Regression 24.44 40.00 50.00 42.11 

Polynomial Regression 33.33 33.33 28.57 26.32 

Vector Linear Regression 24.44 24.44 21.43 15.79 

Gaussian Process 40.00 44.44 39.29 47.37 

 

Table 4  Accuracy of student model with manual split with five class labels 

    Used data set  
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Decision Tree 33.33 20.00 28.57 26.32 

Neural Networks 28.89 28.89 21.43 41.11 

SVM 31.11 31.11 28.57 26.32 

k-NN 28.89 26.67 25.00 26.32 

Naive Basis 26.67 22.22 25.00 21.05 

Rule Induction  17.78 26.67 25.00 31.58 

Perceptron 11.11 17.98 14.29 21.05 

Linear Regression 35.56 28.89 39.29 31.58 

Polynomial Regression 31.11 20.00 14.29 21.05 

Vector Linear Regression 24.44 24.44 21.43 15.79 

Gaussian Process 35.56 33.00 25.00 31.58 
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Table 5  Accuracy of resource model with random split with three class labels 

    Used data set  
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Decision Tree 88.60 86.60 82.47 87.63 88.60 

Neural Networks 88.60 89.69 86.60 87.63 88.60 

SVM 71.13 78.35 85.57 74.23 71.13 

k-NN 60.82 60.82 63.92 59.79 60.82 

Rule Induction  79.38 86.60 82.47 83.51 79.38 

Naive Basis 78.35 77.32 82.47 78.35 78.35 

Perceptron 43.30 37.11 49.48 37.11 43.30 

Linear Regression 83.19 89.69 81.44 71.38 83.19 
 

 

Table 6  Accuracy of resource model with random split with four class labels 

    Used data set  
 
 
 
 
 
 
Algorithms %

 o
f 

ac
ce

ss
 b

y 
go

o
d

 

st
u

d
e

n
ts

 a
t 

sp
lit

 
b

o
rd

e
rs

 2
.2

5
-1

.8
-1

.5
 

%
 o

f 
ac

ce
ss

 b
y 

go
o

d
 

st
u

d
e

n
ts

 a
t 

sp
lit

 
b

o
rd

e
rs

 2
.2

5
-1

.8
-1

.4
 

%
 o

f 
ac

ce
ss

 b
y 

go
o

d
 

st
u

d
e

n
ts

 a
t 

sp
lit

 
b

o
rd

e
rs

 2
.2

5
-1

.8
-1

.4
 

 

Decision Tree 70.10 81.44 81.44 

Neural Networks 75.26 87.63 85.57 

SVM 74.23 64.95 62.89 

k-NN 51.55 56.70 56.70 

Rule Induction  78.35 79.38 77.32 

Naive Basis 69.07 77.32 77.32 

Perceptron 45.36 45.36 45.36 

Linear Regression 72.16 64.95 63.92 

 

 


