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Abstract 

E-learning programs in higher education require the student assignment in groups or teams, 

either ad hoc or permanent based on a number of predefined criteria, educational or not. The 

assignment of students into appropriate competency teams is time consuming when the number 

of criteria is large and executed manually. Here, we propose a model for the assignment based 

on the application of NexClass methodology. The approach is based on the utilization of 

multicriteria analysis in order to assign students into a number of predefined categories 

according to specific criteria. The methodology is presented along with an illustrative example 

with the usage of the relevant decision support system. The specific approach can be utilized in 

a variety of settings, especially when student assignment decisions must be taken. The method 

is simple enough to allow for easy interpretation and and the decision support system allows for 

easy implementation. 
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INTRODUCTION 

E-learning programs in higher education often enroll students of varied competency 

levels and skills. On the other hand lecturers do not meet students so as they do not have 

direct view of them as in traditional courses. In order to maximize student performance and 

learning output it is necessary to build appropriate competency teams and assign students in 

them instead of mass approach. So, in practice, several teams are formed, either ad hoc or 

permanent, and students are assigned to the most suitable for them. The inclusion criteria 

may vary from generic to very specific ones. Several factors influence the selection of criteria, 

such as program preferences, student skills and knowledge. Although, no set can be wide 

enough to fit all the variations, however the more refined the criteria are, the better the 

assignment and the learning outcome will be. When the student assignment is executed 

manually by lecturers or program leaders the assignment problem can be a very time 

consuming task, especially in cases of large groups of teams and students. In addition it is an 

error prone task, subject to biases and is also less objective approach. For the above 

reasons, there is need for an automated and objective assignment approach, especially for 

large numbers of students.  

Multicriteria analysis is a wide area of operations research which offers a variety of 

methodologies and tools to solve assignment, sorting problems as well as choice and ranking 

ones [1], [2], [3], [4], [5], [6], [7], [18], [19]. It has been applied to numerous problems with 

success and research continuous to develop novel methods. In this work, we present the 

application of multicriteria analysis for the assignment problem of students. Our focus is the 

problem of assigning a number of students to a small number of classes. The methodology is 

extending previous research on multicriteria assignment, especially the NexClass method 

which is used for multicriteria classification [10], [11], [12], [13].  

In brief, NeXClass is a classification algorithm and a decision support system for 

classification problems based on multicriteria analysis, which solves classification problems to 

predefined non-ordered categories [8], [9], [14], [15], [16], [17]. The overall approach in 

NexClass is to form a number of ordered categories, then a number of criteria with their 

associate weights are introduced and the students are scored on each criterion. Next, 

according to the aggregate scores students are assigned to classes.  

In the following sections, the basic terminology of the NexClass multicriteria 

methodology is introduced and an illustrative example in student assignment is provided along 

with the NexClass decision support system. The method is presented in its basic terms and the 

interested reader can refer to relevant literature for a detailed theoretical presentation [9], [10]. 
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METHODS  

NexClass algorithm overview 

NexClass algorithm supports classification decisions to predefined categories and is 

based on multicriteria analysis and outranking relations. It utilizes outranking relation principles 

as well as concordance and discordance indexes as follows. Given a set of alternatives, a set of 

predefined ordered categories and a set of evaluation criteria, the algorithm classifies an 

alternative to a specific category with respect to alternative’s performance to the evaluation 

criteria.  

The ‘non-excluding principle’ is the basic rule for the classification of alternatives to categories 

and is defined as follows:  

An alternative ‘a’ is assigned to a category if it is ‘not excluded’ or ‘roughly not excluded’ 

according to the threshold entrance of this category. 

In order to utilize the rule to assign alternatives to categories the ‘excluding degree’ is defined 

as the degree of validation of the statement:  

Alternative ‘a’ is not-excluded or roughly not-excluded.  

‘Excluding degree’ measures at what degree the alternative is not excluded from a category or 

equivalently at what degree the alternative’s performance overcomes the category entrance 

threshold. Calculation of the degree results in the following cases:  

The more the alternative performance overcomes the entrance threshold, the more likely it can 

be assigned to the category and ‘excluding degree’ is minimized.  

The less the alternative performance overcomes the entrance threshold, the less likely it can be 

assigned to the category and ‘excluding degree’ is maximized.  

Finally, an alternative is assigned to the category for which the ‘excluding degree’ is the 

minimum.  

For classification problems the methodology is distinguished in three phases: 

Problem formulation, where the decision maker defines all parameters.  

NexClass algorithm application, where the algorithm classifies the alternatives.  

Result validation, where the results are examined according to the parameters.  

 

NexClass Algorithm Notations  

},...,,{ 21 maaaA 
: a set of alternatives for classification in a number of categories, 

1 2{ , ,..., }nG g g g
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1 2{ , ,..., }hC C C C  : a set of categories, 
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h

ib  is the ith prototype of hth category. These prototypes define the category as thresholds of 

entrance to category.  

Alternatives’ performance on criteria is calculated in way such that 

))(),...,(),(()(, 21 agagagaga n
 and 
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Excluding degree definition  

In order to estimate the degree of validation of the statement  

‘Alternative  is not excluded or is not roughly excluded’, 

or the equivalent  

 ‘Alternative  is preferred or roughly preferred over the entrance threshold’, 

the preference degree of an alternative  over the category 
hC
 entrance threshold 

h

ib  can 

be calculated.  

Thus, an alternative is preferred over the entrance threshold if 
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When the excluding degree is maximized, alternative is less preferred over the entrance 

threshold and excluded, while when it is maximized alternative is more preferred over the 

entrance threshold and included.  

 

Excluding degree calculation 

Calculation of excluding degree ),(1

),(
h
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h

iitot

i
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 is based on outranking relations. 

Expressions  and  are the degrees of validation of the statements 
h

iaSb
 and 

Sabhi  respectively, and are calculated by the concordance and discordance indexes  
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Fuzzy excluding degree calculation  

The fuzzy excluding degree of an alternative  over a category hC  is defined as  

tothh baPCa   ),(),(
 for the case of one entrance threshold for the category.  

In the case of more than on entrance thresholds, expression ),(1
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 is calculated for 

every threshold for the category 
h

ib  and the fuzzy excluding degree is defined as   
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Assignment to categories  

Having calculated the fuzzy excluding degree of an alternative  for every category

},...,,{ 21 hCCC , assignment to one category is based on the following rule  

}},...,1{/),(min{),( kiCaCaCa ihh    

which states that alternative  is assigned to the category hC  for which the excluding 

degree over the entrance threshold is minimum.  
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RESULTS AND DISCUSSION  

Overview 

In the following, we present the application of NeXClass classification methodology as 

well as the usage of NeXClass decision support system to the student assignment problem. The 

application of the algorithm for classification problems is comprised of the following phases:  

 

Problem definition.  

The Decision Maker (DM) formulates the problem, setting all appropriate parameters. In 

details, DM defines the set of categories },...,,{ 21 hCCC  for the classification of 

alternatives, the set of evaluation criteria 
},...,,{ 21 ngggF 

, the criteria weights, the set of 

alternatives 
},...,,{ 21 maaaA 

 for classification, and their performance on the evaluation criteria 

))(),...,(),(()(, 21 agagagaga n
. Next DM defines appropriate entrance thresholds for each 

category },...,,{ 21 hCCC and for each threshold defines preference, indifference and veto 

thresholds.  

 

NeXClass application  

Following the formulation, NeXClass algorithm is applied and results are evaluated by 

the DM. In case of misclassifications, DM redefines parameters in order to calibrate the model. 

When training set classification is acceptable, the entire set of alternatives is classified.  

 

Result assessment  

The DM assesses the results, and in case of major misclassifications, modifies the 

parameters accordingly and runs the model again. The desirable output is the classification of 

students to a number of predefined groups according to specific criteria, so NeXClass method 

was selected as the most appropriate for the analysis and construction of the decision process.  

 

Student assignment methodology  

According to the steps of NexClass methodology, we developed a methodology for the 

student assignment problem. A classification problem was formulated and the required 

parameters were defined reflecting decision preferences. Based on the method the following 

steps were followed:  

Definition of categories C and evaluation criteria G: The categories were defined in ordered 

form. 
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Definition of decision maker’s preferences: The criteria weights for each category were set. 

Alternative set A: A set of alternatives was defined correspond to the students to be assigned.  

Alternatives’ performance: Performance on the criteria were evaluated for each student.  

Classification: Classification results were derived.  

Results assessment: The results were assessed. 

 

Student assignment  

Initially, a specific academic program was selected as the target program for the student 

assignment. The decision maker was the lecturer of the program and the students were 

selected randomly from the pool of students enrolled to the program. Two categories were 

defined in order to reflect specific competency skills and desired knowledge attitudes. These 

were associated to two training profiles so as to achieve the maximum outcome from the 

program and at the same time to increase student commitment. Based on the desired profiles, 

two classes were defined (Table 1) and linked to specific course delivery model each.  

 

Table 1 Student classes 

 C1 C2 

Definition High Low 

course 

delivery 

model 

Teaching level 1 

(advanced 

group) 

Teaching level 2 

(medium/low 

group) 

 

The second step was to define a set of evaluation criteria. The criteria and their scale 

were based on lecturer’s knowledge reflecting the most important aspects of students’ profiles 

(Table 2).  

 

Table 2 Criteria 

 Definition Scale 

G1 Competency level 1 1-100 

G2 Competency level 2 1-100 

G3 Competency level set 3 1-100 

G4 Knowledge set 1 1-100 

G5 Knowledge set 2 1-100 

G6 Personal profile 1-100 
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Based on the above, the lecturer defined criteria weights (Table III) and set the values to 

the DSS (Fig. 1).  

 

 
Figure 1 Criteria definition 

 

Table 3 Criteria weights 

 G1 G2 G3 G4 G5 

Weights 5.00 15.00 45.00 15.00 20.00 

 

Next, the lecturer defined the limits of the categories setting appropriate values for each 

criterion in the scales defined previously. (Table IV) and set the values to the DSS (Fig. 2).  

 

 
Figure 2 Categories definition 
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Table 4 Category profiles 

 G1 G2 G3 G4 G5 

C1 24.00 34.00 45.00 77.00 65.00 

Indiff 1.00 1.00 2.00 2.00 3.00 

Pref 4.00 3.00 5.00 5.00 6.00 

Veto 20.00 20.00 20.00 20.00 20.00 

      

C2 8.00 15.00 22.00 30.00 25.00 

Indiff 1.00 1.00 2.00 2.00 3.00 

Pref 4.00 3.00 5.00 5.00 6.00 

Veto 20.00 20.00 20.00 20.00 20.00 

 

Next, a subset of 20 target students was selected as training set. The selection was 

random not following any pattern. Their performance on the evaluation criteria was defined by 

the lecturer (Table 5) and was set to the DSS (Fig. 3). 

 

 
Figure 3 Alternatives performance definition 

 

Table 5 Students’ performance to evaluation criteria 

 G1 G2 G3 G4 G5 

a1 4.00 22.00 17.00 12.00 15.00 

a2 12.00 4.00 7.00 7.00 13.00 

a3 15.00 12.00 6.00 8.00 51.00 

a4 23.00 61.00 32.00 42.00 11.00 
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a5 10.00 61.00 22.00 8.00 71.00 

a6 1.00 6.00 5.00 8.00 7.00 

a7 21.00 16.00 34.00 8.00 7.00 

a8 22.00 6.00 54.00 8.00 7.00 

a9 9.00 16.00 25.00 18.00 17.00 

a10 11.00 16.00 5.00 28.00 71.00 

a11 23.00 24.00 15.00 8.00 1.00 

a12 10.00 6.00 5.00 80.00 74.00 

a13 21.00 6.00 25.00 8.00 27.00 

a14 1.00 6.00 1.00 12.00 17.00 

a15 11.00 6.00 15.00 18.00 7.00 

a16 31.00 16.00 54.00 8.00 7.00 

a17 21.00 26.00 21.00 8.00 3.00 

a18 11.00 26.00 15.00 17.00 5.00 

a19 11.00 63.00 25.00 78.00 27.00 

a20 41.00 12.00 43.00 11.00 19.00 

 

Solution  

Finally, the model was executed, and classification results were derived NeXClass 

method. Results are depicted in Table 6. Excluding degrees and distance factors are also 

included for each class.  

 

Table 6 Alternatives’ assignment and excluding degrees 

Alternative Class  

Excluding 

degree for 

C1 

Excluding 

degree for C2 

Distance 

factor for 

C1 

Distance 

factor for 

C2 

a1 Class 2  13.515 10.610 351.500 61.000 

a2 Class 2  14.310 11.405 431.000 140.500 

a3 Class 2  13.445 10.540 344.500 54.000 

a4 Class 1  0.1790 0.8885 179.000 -111.500 

a5 Class 1  0.1615 0.8710 161.500 -129.000 

a6 Class 2  14.530 11.625 453.000 162.500 

a7 Class 2  12.975 10.070 297.500 0.7000 

a8 Class 1  -0.0883 0.9315 222.000 -68.500 

a9 Class 2  13.090 10.185 309.000 18.500 

a10 Class 1  0.1122 0.9845 275.000 -15.500 

a11 Class 2  13.332 10.915 382.000 91.500 

Table 5… 
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a12 Class 1  -0.0411 0.9160 206.500 -84.000 

a13 Class 2  13.130 10.225 313.000 22.500 

a14 Class 2  14.450 11.545 445.000 154.500 

a15 Class 2  13.880 10.975 388.000 97.500 

a16 Class 1  -0.1308 0.9120 202.500 -88.000 

a17 Class 2  13.490 10.585 349.000 58.500 

a18 Class 2  13.635 10.730 363.500 73.000 

a19 Class 1  0.1275 0.8370 127.500 -163.000 

a20 Class 1  0.2158 0.9340 224.500 -66.000 

 

In Table 7, we depict the comparison of the above assignment to the classification of 

the same set of students executed by the lecturer using an existing manual procedure. As it 

can be seen from this reference set, the model is in accordance with lecturer’s opinion using 

existing procedure except one misclassification in C1 and C2. The DSS provides 

classification the results in a convenient way along with the various degrees calcu lated by 

the algorithm. 

 

Table 7 Assignment comparison 

Category NeXClass Existing procedure 

C1 {a4, a5, a8, a10, a12, a16, a19, 

a20} 

{a4, a5, a6, a8, a10, a16, a18, a19, 

a20} 

C2 {a1, a2, a3, a6, a7, a9, a11, a13, 

a14, a15, a17, a18} 

{a1, a2, a3, a7, a9, a11, a12, a13, 

a14, a15, a17} 

 

CONCLUSIONS 

In this paper, we presented an approach for multicriteria assignment to ordered 

categories using NeXClass DSS which implements the methodology. For illustration purposes, 

we presented a real world application of NeXClass DSS, within higher education setting setting 

for student assignment to predefined classes. The specific approach can be utilized in a variety 

of settings, especially when student assignment decisions must be taken. The method is simple 

enough to allow for easy interpretation and demonstration and the decision support system 

allows for easy implementation. Given the increasing number of students for elearning modules 

and programs during the past years, it is becoming quite necessary to provide decision makers 

with tools that allow for automated decisions. In the future, we plan to extend the system in a 

web version to increase its user friendliness.  

  

Table 6… 
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