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Abstract 

 
In Beykent University, there are several levels in 
the English Preparation Classes, and the students 
can either pass or fail the level according to their 
grades. But this decision is done by using strict 
and constant formulas.  
 
In this study, we aimed to develop a more flexible 
decision system, which can vary with different 
teachers, levels or in different years. For this 
purpose the Expectation-Maximization clustering 
algorithm is used. Moreover, 3 different 
dimensionality reduction techniques (Forward 
Search, PCA and LDA) are used for obtaining 
input for EM algorithm.  
 
In the end of the study, the results of EM 
algorithm for all 3 methods are shown and their 
results are compared with the original results. 
 

1 Introduction 
 
In Beykent University, during the 
undergraduate study, the courses are 
taught in English. So a student who 
enrolled to the university is required to 
pass an English proficiency exam. Ones 
who fail in this examination are taken 
into English Preparation Classes.  
 
The Preparation Classes are divided into 
4 levels; Beginner, Elementary, 
Intermediate and Upper. Students are 
arranged into the classes according to 
their exam results. In every 2 months, a 
level is completed and students can 
advance to the next level according to 
their studies during those 2 months. 
There are quizzes, midterm and final 
examinations in every level; and students 
who have an average of 60 or more can 
pass the class; otherwise they fail and 
repeat the same level.  

Here drawing such a strict line for 
passing or failing a level, may be 
inappropriate. Moreover, that boundary 
should change from level to level and 
year to year; as the teachers, questions 
and students change. So rather than 
having a universal constant boundary 
between the success and the failure; 
using a dynamic decision mechanism can 
be a better idea. 

 
In this study, we tried to disperse the 
students within a class, by using the 
Expectation-Maximization (EM) 
clustering algorithm. This algorithm 
works with k-means clustering algorithm 
and uses log-Likelihoods for 
classification. After the EM algorithm 
runs and divides the students into two 
clusters (pass or fail); in order to see the 
effectiveness of the algorithm, the results 
of the clustering are compared with the 
original data. 

 
Moreover, it can be argued that, not all 
the studies during a level have the same 
effect on the student’s success. Some 
quizzes or in class activities (Portfolio) 
can be more effectual than a midterm 
examination. In this study, we tried to 
decide the most important ones and 
eliminate others; and used them as input 
for the EM clustering algorithm. This 
effort allowed us to see the results the 
clustering better. For deciding the most 
important studies, we used Forward-
Search, PCA and LDA dimensionality 
reduction algorithms separately and 
compared their results.  
 
In the next topic the student data and 
other environmental variables are 



introduced. Then in 3, the dimensionality 
reduction algorithms will be compared 
and in 4 the EM algorithm is explained in 
detail. In 5 the results of the experiments 
are demonstrated and in 6 the 
conclusions about this study are given. 
 
2 Environmental Variables 
 
As an input for this study, we get the data 
about the students who enrolled to the 
Beykent University for 2003-2004 and 
placed into different levels in Preparation 
Classes. We used the data from 3 of these 
levels; Beginner, Elementary and 
Intermediate. Also the data we used 
spans a 4-month time from September to 
December; so that it contains the grades 
of 2 quarters terms; September-October 
and November-December.  
 
The data of these two quarters are 
merged in order to have a larger input. 
But still the input contains around 320 
students, which is inadequate for the 
study. Moreover this input should be 
divided into three sets as; Training, 
Validation and Test; so that in each set 
there will be only 105 students. 
 
In order to overcome this problem, a 
shuffle and expand operation is done. 
Each set is shuffled 10 times and some 
part of a set is added to the others one at 
a time. After this operation, each set is 
expanded to have more than 3000 data; 
which can be an appropriate number.  
 
Furthermore, for each student, 9 
different information is stored. These 
are, 5 Quizzes, Portfolio, Evaluation, 
Midterm and Final grades. These grades 
are treated as dimensions (or features) 
throughout the study.  
 
Finally, for each student, a pass/fail data 
is calculated for later comparisons. 
Originally, the overall grade of a student 
is calculated as follows; 
 
 

Grade= 
sum(Quizzes) * 0.20    +  

Portfolio * 0.10  +  
Evaluation * 0.10 +  
Midterm * 0.25 +  
Final * 0.35 

       
If the overall grade of a student is greater 
than or equal to 60, s/he will pass the 
level; otherwise fail. In this manner each 
student is labeled as fail(1) or pass(2).  
 
After labeling the students for all sets 
(Training, Validation and Test) each set 
is sorted according to this label; so that 
the students who fail is located before 
the ones that pass the level. This 
representation eases the calculation like 
mean, variance, likelihood, …etc.  
 
3 Dimensionality Reduction  
     Techniques 
 
One of the major aims of this study is to 
make a comparison between 3 different 
dimensionality reduction techniques; 
Forward-Search, PCA and LDA.  
 
3.1 Forward Search 
 
The forward search algorithm is a 
pseudo-exhaustive feature selection 
method.[1] It uses Multivariate 
Parametric Classification technique and 
tries to find the feature that causes the 
minimum error rate. Here the error rate 
is calculated by using the Training and 
Validation sets. 
 
Once that feature is found; the algorithm 
looks for a second feature that can 
reduce the error rate when used with the 
firstly selected feature. Forward search is 
a Greedy algorithm, and continues in 
this manner until no feature can be found 
to reduce the error rate. 
 
The pseudo-code for the forward search 
algorithm can be given as follows; 
 
 
 



while error rate is reduced 
  for 1 to number_of_features do 
    add this feature to the  current_Input 
    current_error_rate = MPC (current _Input ) 
    if current_error_rate < error_rate 
       minimum = this feature 
       error_rate = current_error_rate 
    endif 
  endfor 
  add the selected feature to the Input 
endwhile 
return Input 
 
3.2 Principal Component Analysis 

(PCA) 
 
PCA generates a lower-dimensional 
representation, which preserves as much 
as possible the variance of the original 
features. In PCA, feature vectors are 
projected in a feature space whose 
coordinate axes are oriented in the 
directions of maximum variance.[1] In 
our PCA implementation, the algorithm 
sorts the features according to the 
eigenvalues and users can want any 
number of them.  
 
The pseudo-code for this algorithm is 
given as follows: 
 

 
S = cov(Input); 
[EigVec EigVal] = eig(S); 
Ordering = diag(EigVal); 
%sort the dimensions according to their 
eigenvalues 
sort(Ordering) 
for 1 to Preferred Dimension 
        PCAInput = Input * EigVectors 
endfor 
 
3.3 Linear Discriminant Analysis 

(LDA) 
 

In LDA a linear transformation is sought 
that maps the feature space into a lower-
dimensional space such that a given class 
separability criterion is optimized.[1] 
Different than PCA, the class 
information is used for separating the 
classes. 
 
 
 

The pseudo-code for this method is like 
this: 
 
Sw = within class scatter 
Sb = between class scatter 
[EigVec EigVal] = eig(inv(Sw) *Sb); 
Ordering = diag(EigVal); 
%sort the dimensions according to their 
eigenvalues 
sort(Ordering) 
for 1 to Preferred Dimension 
        LDAnput = Input * EigVectors 
endfor 
 
4 Expectation Maximization 

Algorithm (EM) 
 
EM is an iterative optimization method 
to estimate some unknown parameters, 
given measurement data. However, we 
are not given some “hidden” nuisance 
variables, which need to be integrated 
out. In particular, we want to maximize 
the posterior probability of the 
parameters given the data, without 
knowing some variables.[2] 
 
The EM algorithm is one of the major 
clustering algorithms. For clustering 
data, the EM algorithm relays on the log-
Likelihoods of the data points. The 
algorithm consists of mainly two parts: 
Expectation (E-step) and Maximization 
(M-step). The E-step can be interpreted 
as constructing a local lower-bound to 
the posterior distribution, whereas the M-
step optimizes the bound, thereby 
improving the estimate for the 
unknowns.[2] 

 
5 Experimental Results 

 
We did our experiments for 3 different 
dimensionality reduction algorithms 
separately. Then the results of these 
algorithms are pushed into EM function 
which does the clustering. Finally the 
outcomes are compared with the Test set, 
to get the final error rates for each 
algorithm. Here the results of these 
studies are discussed. 
 



5.1 Forward Search 
 
Because the Forward Search algorithm 
uses both Training and Validation data in 
order to calculate the error rates; these 
sets are merged and the combined data is 
used as Input for that algorithm. The 
Forward Search algorithm returns the 
features that cause minimum error rates, 
when used together. In other words, the 
features returned by this algorithm have 
the most effect on deciding whether a 
student will pass or fail. 
 
The Feature Selection algorithm returns 4 
features in the given order: 8,9,4,1. These 
numbers correspond to the following 
names: Midterm, Final, 4th and 1st 
Quizzes. As expected the Midterm and 
Final results have the most significance 
on the students’ success. However, in 
class activities (Portfolio) and Evaluation 
of the teacher does not effect the 
achievement as the Quizzes do. 
 
On the next step, only the 8th, 9th, 4th, and 
1st columns of the Test set are passed into 
the EM algorithm. The algorithm makes 
9 iterations until it reaches the maximum 
Q value. And as a result, it returns two 
clusters (pass/fail) and their 
corresponding elements. The number of 
elements in each cluster are given below: 

 
 Number of 

Elements 
Cluster 1 

(Fail) 
1260 

Cluster 2 
(Pass) 

5040 

 
As the elements have 4 features 
(dimensions), so as to plot them on 3D 
area, we do not use least effective 
dimension (1st column): 

 
 
Finally, these elements are checked 
whether they are put into their original 
cluster. Each misclassified element is 
counted as an error. The final error rates 
are given below: 

 
 Number of 

Errors 
Error 
Rate 

Cluster 1 180 28,5 % 
Cluster 2 0 0 % 

Total 180 5,71 % 
 

5.2 Principal Component Analysis       
(PCA) 
 

The PCA algorithm uses Training data 
only. In order to make plotting possible, 
we get 3 dimensional data that PCA 
algorithm returns. This data is then used 
in EM algorithm, which iterates 9 times 
before clustering the data into two 
clusters. The clustered data looks like 
this: 
 

 
 
In the end, the error rates are calculated 
as follows: 
 



 Number of 
Errors 

Error 
Rate 

Cluster 1 40 6,34 % 
Cluster 2 0 0 % 

Total 40 1,26 % 
 
5.3 Linear Discriminant Analysis 
  
The LDA algorithm also uses the 
Training data only. Just we did in the 
previous experiment, we use only first 3 
dimensions of the output of LDA 
algorithm. That data is used in EM 
algorithm; and it makes 8 iterations 
before clustering the data. The clustered 
data can be plotted as follows: 
 

 
 
And the clustering errors are like this: 
 

 Number of 
Errors 

Error 
Rate 

Cluster 1 330 42,3 % 
Cluster 2 0 0 % 

Total 330 10,47 % 
 
6  Conclusions 
 
In this study, we tried to obtain a method 
for deciding whether a student in 
Preparation Class will pass or fail in the 
level. This decision is currently being 
done by using a strict formula. The 
formula computes the overall grade of 
the student and if this grade is greater 
than or equal to 60, the student will pass, 
otherwise fail. 
 
The major aim of the study is to make 
this decision more dynamic; which may 

change according to the level, year or 
teacher. Also if we can make such a 
dynamically changing decision, the 
results should be compared with the 
original data. 
 
The method we used for decision is 
called as Expectation-Maximization 
clustering algorithm. This algorithm uses 
the k-means classification method and 
log-Likelihoods of the data points during 
the clustering process. But number of 
features (dimensions) of each data point 
is a big problem for both EM algorithm 
and plotting. So we needed to reduce the 
number of features. 
 
For dimensionality reduction, we used 
three different methods separately. Each 
method reduces the number of features 
and throughout the study; the reduced 
data is used as input for EM algorithm. 
And at the end of the study, the results of 
each method are compared with the 
original classification results. 

 
The results of Forward Search algorithm 
showed us that, as expected, the Midterm 
and Final grades are the most important 
features that stimulate the overall success 
of the student. On the other hand, the 
Portfolio and Evaluation grades do not 
such effect, although most teachers may 
think so. 

 
Finally, after comparing the results of 3 
dimensionality reduction algorithms with 
the original data, we realized that the 
PCA algorithm worked far better than the 
other two. The data reduced by PCA 
algorithm is used in EM function; and 
that clustering procedure caused just 
1,26% error rate. 
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