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Abstract—Learning Management System (LMS) has become the 
popular instrument in academic institutions by providing feasible 
pedagogical interaction. In the abundance of registered users 
take some activities inside LMS, the result of analyzing the 
quality of courses becomes remarkable feedback for teachers to 
enhance their teaching program via e-learning. Unexceptionally, 
mining web server log has been fascinating area in e-education 
environment. Our objective is to find interrelationships 
knowledge among e-learning web log’s metrics. Strongly Typed 
Genetic Programming (STGP) as the cutting the edge technique 
for finding accurate rule inductions is used to achieve the goal. 
Revealed knowledge may useful for teachers or academicians to 
rearrange strategies in the purpose of improving e-learning usage 
quality based on the course activities. 
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I.  INTRODUCTION  
Extensive researches to find remarkable methodology in 

providing feedback analysis for the e-learning interaction have 
been arisen [1][3][7][8][9][11]. Various objects of data to be 
mined is concentrated on content based and web log based. 
Researchers have proposed frameworks and statistical analysis 
in order to find the “gold” pattern. Web log is quite fascinating 
data that we have been challenged to find reliable activities 
pattern within its information constraint to fully gather the 
reliable analysis. Efforts like clustering, classification even rule 
induction [2][4][16][18] are emerging technique to analyze 
behavioral pattern revealed form web log. [14] has narrated 
research opportunities to cluster the web log data. In recent 
years, metrics to figure out activities of web log data has been 
found and the chance to reveal qualified knowledge inside is 
widely open. 

Knowledge discovery is related to finding rules of given 
dataset [9]. Researchers have been proposed and utilized 
various techniques to obtain rules that have good simplicity, 
accuracy, interestingness [9][19]. Every algorithm has their 
ability to perform well in such characteristics of data to do 
inference. There is no such algorithm that extremely 
outperforms another in solving knowledge discovery problems 
[9][19]. Genetic Programming (GP) as the cutting edge 

technology was first introduced by Koza [15], extensive 
research and discussion has been done using genetic 
programming for the problem of inductive logic such as 
[4][9][19]. Many of them are classification problems. In this 
paper, we refer to work has been done by [14] for exploring the 
knowledge of web log data. Their result has proven reliable 
that we are curious about finding such good rules representing 
web log data gathered from e-learning activities within two 
months. 

II. E-LEARNING WEB LOG PROBLEMS 
Every time users access web for performing such activities, 

there must be logged in server. The repository of web log is 
extracted to be metric features that can be processed and 
mined. The research has been carried out by [14] seems to be 
promising since they measure the interest, enrichment and 
quality of course and later, cluster it using k-means algorithm. 
The result allows us to see the categorization between better 
quality course but the knowledge behind it is still inexplicable. 
Even the quality of the course they have been measured is only 
based on average value between interest and enrichment. Its 
knowledge is visually represented by high activity or low 
activity cluster. Of course, visualization is not enough to 
capture knowledge of the whole data rather inductive is more 
reliable to represent model. If-Then rules can be interpreted 
easily by human via attribute oriented approach after using data 
manipulation technique such as converting continuous variable 
into discrete. 

III. PRE-PROCESSING 
Basically, the study begin with data collection, data 

analysis, data cleansing, feature extraction, knowledge 
generation, and finally post-processing analysis with 
knowledge / knowledge discovery. 

A. Data Cleaning 
Web server log data as shown in Fig. 1 contains 

transactions that not needed to be processed. Data like image, 
video, files related to javascript or css, and error status except 
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“200” is not usable in this work. After irrelevant input is 
removed from web log data, transaction is extracted based on 
IP address. By using heuristic technique for identifying 
transactions, all accesses from the same IP address separated 
by an access time of less than 30 minutes are considered to be 
entered in the same transaction besides it can be tracked by 
identifying when particular IP did login and logout. 

B. Adapting web usage metrics for course analysis 
The steps taken in the process of feature extraction are 

followed : 

1) Counting the number of sessionkey, number of pages 
viewed by the user, the number of unique pages viewed by the 
user, and UPCS (Unique Pages per Course per Session) on 
each course. UPCS are different for each user index subjects 
per session. UPCS first introduced by [14]. 

2) We use the approximation introduced by [14] as a 
measurement of the courses quality. These measurements are 
enrichment and interest. Enrichment (eq. 1) means richness of 
materials in course. It is used to measure how much 
information there is in the subject of accessible to users. 
Interest (eq. 2) shows popularity of particular course among 
users. Low interest means  students are not pleased with 
material content inside course resulting not many visited pages 
in term of number. Interest metric  measures how many pages 
viewed per session id course per session. Enrichment and 
interest of courses in web server log can be calculated with the 
formula:  

! 

ENRICHMENT =1" (UNIQUEPAGES /TOTALPAGES)
where
UNIQUEPAGES <= TOTALPAGES

  

  (1) 

! 

INTEREST =1"DISAPPOINTMENT
where
DISAPPOINTMENT = SESSIONS /TOTALPAGES

 

  (2) 

IV. METHODOLOGY 

A. Initial population 
One of the fundamental differences between Genetic 

Algorithms (GA) and GP is the representation of the 
chromosomes [13]. Basically in GA, there is no restriction that 
limits established by the program functions according to its 

data type. In this case, GP use a set of programs to manipulate 
the data types and functions designed to operate on a particular 
type of data. Of course this will result not only in a long search 
and unnecessary time, but it also has the potential to result in 
poor generalization performance. STGP is an enhanced version 
of GP that uses constraint data types, generic functions and 
generic data types makes it more powerful than other 
approaches to limit the type of data within search space. 
Genetic term of STGP can be shown as follows in Fig. 2: 

Terminal set: {interest, enrichment, UPCS} 
Production set: {interest, enrichment, UPCS} 
Non-terminal set:  
{  
  root : if,then 
  if : and, or, >, <, = 
  then : >,<, = 
  and : >, <, = 
  or : >, <, =  
  = : interest, enrichment, UPCS 

< : interest, enrichment, UPCS 
< : interest, enrichment, UPCS 
interest : x (value of interest) 
enrichment : y (value of enrichment) 
UPCS : z (value of UPCS) 

      } 
 

Figure 2. Genetic term of STGP 
 

Fig. 3 is parse tree example describing structure of rule by 
means post order search. “If” and “then” nodes are function 
with its arity while enrichment and interest are variables.  

 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 

172.20.19.199 - - 
2/14/12 

10:03 GET 
/course/category.ph
p?id=5 HTTP/1.1 200 15548 

http://175.45.185.21
4/ 

Mozilla/5.0 (Macintosh; Intel 
Mac OS X 10_6_8) App... 232 

172.20.20.
182 - - 

2/14/12 
10:02 GET 

/theme/Informatics-
UB/images/sidehead
er.jpg HTTP/1.1 200 11349 

http://175.45.185.21
4/theme/Informatics-
UB/styles.... 

Mozilla/5.0 (Windows NT 
5.1; rv:10.0.1) 
Gecko/2010... 179 

172.20.20.195 - - 
2/14/12 

10:00 GET 
/lib/javascript-
static.js HTTP/1.1 200 19178 

http://175.45.185.21
4/ 

Mozilla/5.0 (X11; U; Linux 
i686; en-US; rv:1.9.2.2... 123 

172.20.20.182 - - 
2/14/12 

10:02 GET 

/login/environment.p
hp?sesskey=O4TUoP
3BSq&flashver... HTTP/1.1 200 0 

http://175.45.185.21
4/ 

Mozilla/5.0 (Windows NT 
5.1; rv:10.0.1) 
Gecko/2010... 225 

172.20.20.189 - - 
2/14/12 

15:40 GET 
/login/logout.php?se
sskey=FX3mOeyfQY HTTP/1.1 303 172 

http://175.45.185.21
4/mod/assignment/vi
ew.php?id=3... 

Mozilla/5.0 (X11; Linux 
x86_64; rv:7.0.1) 
Gecko/20... 1401 

 

 Figure 1. Gathered web server log e-learning data 
 

Figure 3. Equivalent parse tree 



 
 
 
 

 
 

           

 
  

 
 
 

 
 

Figure 4. Crossover work for STGP 

B. STGP 
Montana [13] presents different examples illustrate these 

concepts. He uses STGP in solving various kinds of problems 
are quite complex and involve multiple data types. He pointed 
to the example that STGP very effective in getting a solution 
to his problem than the GP. In one instance Montana presents 
a problem with terminal set size two, and a set of non-terminal 
in size of 10. When the maximum depth of the tree is limited 
to 5, the size of the search space for the implementation of 
STGP is 105, while the size of the search space GP is 1019. In 
the same example when the maximum tree depth is increased 
to 6, the size of the search space for STGP is 108, while the 
GP is 1011. 

Fig. 4 shows crossover point is selected randomly from 
nodes that meet subtree to subtree, root of which has the same 
level. If the function and its arity do not match according to 
tree rules initialized by STGP, the fitness is reduced to zero 
yields the non-zero best fittest results from each generation. 
Best fittest instances are considered for selection process. The 
leaf nodes represented by x, y, and z are constants 
corresponding to value of interest, enrichment, and UPCS 
respectively. Quantitative data are discretized into qualitative 
data forming three equal bins (HIGH, MEDIUM, LOW) in the 
range from maximum to minimum value from each 
enrichment, interest and UPCS metric. Multiple outputs are 
related to the best fittest referred from dataset and influenced 
by initial population on the top of STGP parameters. 

In term of prior hypotheses, with STGP we can reveal the 
knowledge of web server log that describe the relationship 
between enrichment, interest, and UPCS, the number of 
courses per session page that unique, with a high certainty 
factor. 

C. Evaluation 
Evaluation phase is related to fitness function arrangement. 

Based on [9], three criteria of evaluating the produced rules 

are used. These criteria are driven by stated if accuracy, 
comprehensible, and interestingness must be satisfied for 
discovering the knowledge in data mining. It seems like we 
use multi objectives but it is modified into single objective.  

Based on the reference [12], Certainty Factors (CF) can be 
defined as shown in equation 3 which produce range value [-
1,0,1]. CF is a rule of precision measurement and can be used 
compared to the size of the confidence with better outcomes. 
Certainty Factor rule A → C (eq. 3) where A is the antecedent 
and the rule C is the consequent, max is the maximum 
function p is the relative frequency. The structure of rule 
should be “antecedent” and “consequent”. The CF value with 
1 means definitely positive belief, while 0 is conducted with 
unknown or neutral and -1 is refers to totally neglectable or 
negative beliefs. Fitness value is calculated as 1 – CF. 

 

CF(A!C) =max( p(C / A)" p(C)
1"P(C)

, p(A /C)" p(A)
1" p(A)

)   

 (3) 
 
In order to obtain more rules, second equation is utilized 

(eq. 4), it is also considered that STGP will provide another 
rules yield maximized the minimmum possible certainty factor 
to avoid negative beliefs. 

 
 

CF(A!C) =min( p(C / A)" p(C)
1"P(C)

, p(A /C)" p(A)
1" p(A)

)  

(4) 
 

V. EXPERIMENTAL RESULTS 
Two months web log data set from e-learning of Program 

Teknologi Informasi dan Ilmu Komputer, Universitas 
Brawijaya has been collected and processed. For the results of 
preliminary processing, it can be shown in Table I below. 
There are 75 courses and has a different final score.  

IF-Then rules can be easily interpreted and used by human. 
It is important to model the knowledge representation. It is not 
enough to interpret visualization representation rather it is 
urged to do data manipulation and reading. As shown in Fig. 5, 
knowledge is displayed as scatterplots. Continuous attributes 
and each of its relationships are presented as result from k-
means clustering. It is easy to capture and encode correlation of 
observations from visualized diagrams. For instances, from 
first diagram (Fig. 5 (a)), it can be observed that blue dot is 
separated from another dots. It means that low level in 
enrichment is categorized the same as interest while in high 
level, each attribute share their category in green and red dots. 
In Fig. 5 (b) and (c) respectively, it shows that from UPCS 
attribute perspective, whether low or medium level shares their 
category if it is correlated with both interest and enrichment 
attribute. From interest and enrichment perspective, they share 
category in high level. These can produce assumption that two 
last visualization figures will cause hard interpretation yet 
produce many rules that is related to UPCS attribute. 



For induction rules generated by STGP, continous values 
of each feature such as UPCS, interest and enrichment are 
discretized into 3 bins. Based on the distribution of data 
values, some intervals are made from each attribute by HIGH, 
MEDIUM, or LOW level using equal width discretization.  

TABLE I.  EXTRACTED METRIC FEATURES SAMPLE 

id 
course sessions pages 

uni
que 
pag
es UPCS interest enrichment 

id=100 4 1580 13 134 0.9974683 0.9917721 

id=101 25 635 11 100 0.9606299 0.9826771 

id=102 19 1072 12 158 0.9822761 0.9888059 

id=103 5 1850 12 150 0.9972972 0.9935135 

id=12 56 12627 17 778 0.9955650 0.9986536 
 

In consideration of the size of the dataset, STGP is run 50 
times with evolution parameters of 100 population, tree type of 
Full Node, crossover probability of 0.5, mutation probability of 
0.1, a minimum depth of 2, the maximum tree depth of 5, the 
fitness criterion of 0.01, selection tournament size of 7, and the 
maximum number of generations of 100 times  try to found a 
solution optimal fitness value close to 1, some of which have 
the following results as shown in Table II. 

As showed in Table II, rule no. 1 could mean that if 
enrichment is in high level then UPCS is greater than low. 
There is a proof that the enrichment of course’s content is in 

line with student’s interest of particular subject in different 
proportion. These probably related to material contained inside 
assignments or e-book references. In particular, as showed in 
rule no. 2, could mean that if enrichment=HIGH then 
UPCS=HIGH. There is a proof that the enrichment of course’s 
content is in line with UPCS accessed by student of particular 
subject. Rule no. 3 and 4 respectively could mean that if 
interest is below high level then enrichment is below high level 
and in accordance, if interest is greater than low level then 
enrichment is greater than low. There is a proof that the interest 
of course’s content is in line with enrichment of particular 
subject. In rule no. 5, we can make assumption that if 
enrichment is in low level then UPCS is in low level. In 
particular, rule no. 6 shows that if interest is in high level or 
UPCS is below high level then enrichment is in high level. 
Rule no. 7 reveals that if enrichment is in low level then UPCS 
also in low level.  In rule no. 8 tells that if UPCS by students 
are in below high number then the level of enrichment is below 
high. In particular, as showed in rule no. 9, the generated rule is 
if interest is below high level or UPCS is higher than high level 
means UPCS is greater than high level. As CF paradigm, it will 
consider rules that give maximum CF for OR conjunction. The 
term that definitely give CF value 1 is “IF UPCS= HIGH 
THEN UPCS=HIGH”. Eventhough this rule is unnecessary, it 
will show that STGP is not given the constraint to check 
whether the generated rules are necessary or not because the 
only considered fitness function is CF itself. In rule no. 10, the 
generated rule is if enrichment greater or equal than medium 
level then interest is in high level. We can conclude that 
usually the greater number of enrichment from medium level 

 
(a) 

 

 
(b) 

 

 
(c) 

 
 

Figure 5 Interrelationship visualization via k-means clustering 

TABLE II.  ELEVEN RULES GATHERED FROM STGP REFERRING INTO ITS CF  

No If statements Then Training 
size 

Found in 
CN2 
Laplace? 

Found in 
Associatio
n Rules? 

Coverage CF 
(max) 

CF 
(min) 

Interpretation 

1 enrichment=HIGH  UPCS>LOW 75 No Yes 0.89 1.00 0.00 Definitely-Neutral 

2 enrichment=HIGH  UPCS=HIGH 75 No Yes 0.89 1.00 0.02 Definitely-Neutral 
3 interest<HIGH enrichment<HIGH 75 No No 0.01 1.00 0.11 Definitely-Neutral 
4 interest>LOW  enrichment>LOW 75 Yes Yes 0.99 1.00 1.00 Definitely 
5 enrichment =LOW  UPCS=LOW 75 No Yes 0.01 1.00 0.00 Definitely-Neutral 
6 interest=HIGH OR 

UPCS<HIGH 
enrichment=HIGH 75 No Yes 0.99 1.00 0.11 Definitely-Neutral 

7 enrichment< HIGH  interest<HIGH 75 No Yes 0.11 1.00 0.11 Definitely-Neutral 
8 UPCS<HIGH  enrichment<HIGH 75 No Yes 0.97 1.00 0.00 Definitely-Neutral 
9 interest<HIGH OR 

UPCS=HIGH  
UPCS=HIGH 75 No No 0.02 1.00 0.66 Definitely 

(unnecessary) 
10 enrichment≥MEDIU

M  
interest=HIGH 75 No Yes 0.99 1.00 0.11 Definitely-Neutral 

11 enrichment=LOW  
OR UPCS>LOW 

UPCS>LOW 75 No No 0.11 1.00 0.90 Definitely 
(unnecessary) 

 



means interest level is in high level. In rule no. 11, the 
generated rule is If enrichment is less than high level or UPCS 
is in high level means UPCS is in high level. By referring to 
Table 11, we can conclude that the first rule 
“enrichment=LOW then UPCS>LOW” is inconsistent with 
rule no. 5. As CF paradigm, it will consider rules that give 
maximum CF for “OR” conjunction. The term that has 
definitely CF value 1 is “IF UPCS>LOW THEN 
UPCS>LOW”. This rule is considered as unnecessary but it 
will show that STGP is not given the constraint to check 
whether the generated rules are necessary or not because the 
only considered fitness function is CF itself. 
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CONCLUSIONS 
The main conclusion we have obtained after developing 

the current work are as follows: 

1) We have demonstrated that informations generated by 
web server log metrics on top of STGP, allows us to discover 
knowledge to be a feedback of e-learning interaction activities 
although there must be some improvements and modifications 
of program or choosen STGP parameters for further analysis. 
For tentative discovered rules, it can be concluded that 
enrichment, interest and UPCS gathered from web server log 
can be compared in accordance. For instance, If teachers want 
to increase the level of student access in purticular course, they 
can lift up the level of enrichment or UPCS. Furthermore, 
another metrics or factors, whether gathered from web server 
log or not, should be included. It will be promising future work 
and interesting to be explored. 

2) Referred to Table II, Evolutionary programming (EP) 
can be used to reveal knowledge in dataset. Reliable rules are 
mined regarding fitness function plan. In case of CF, EP can 
contribute to ignore negative beliefs that are neglectable while 
MYCIN founded by [12] gives a threshold to consider whether 
rule is accepted or rejected. In comparison, CN2 algorithm fails 
to explore knowledge in terms of relationship with UPCS 
because of hard interpretation. There are overlapping classes 
caused by prior equal width discretization that yield null 
generated best conditions. In other side, association rules can 
neglect unnecessarry rules provided by CF based STGP. If 
STGP is executed more times, it will certainly generates 
another promising rules because CF based STGP here could 
explore all possible revealed rules that meet non-negative CF 
values. 
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