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Abstract – The increased need to use distance and 
online forms of training in the modern world forces 
teachers to seek, develop and use new and diverse 
teaching models. The pursuit of adequate fair 
assessment of students’ knowledge and skills, their 
active participation in the learning process, their 
independent work on projects and case studies has also 
posed new challenges for teachers. The article presents 
models for hierarchical multicomponent assessment of 
students, aimed at comprehensive assessment of 
various thinking skills of high and low order, 
theoretical knowledge and practical skills, etc. A fuzzy 
evaluation approach is used to formalize the assessor’s 
subjective logic.  

Keywords – fuzzy evaluation, evaluation models, 
HOTS evaluation, multicomponent assessment. 

1. Introduction

Education is a complex process that requires 
consistent acquisition of knowledge and skills, done 
in an appropriate sequence. 
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For optimal results, the education must be 
managed by an experienced teacher. Many 
pedagogical approaches, methods and methodologies 
on this topic are described in the scientific literature.  

One of the notable taxonomies that stood the test 
of time is Bloom’s Taxonomy [1]. It defines a 
hierarchy of thinking skills in which the higher levels 
of thinking incorporate all cognitive skills from the 
lower levels. The levels are structured as follows – 
Knowledge, Comprehension, Application, Analysis, 
Synthesis, and Evaluation. Each level is determined 
by multiple cognitive skills, activities and assessment 
methods. It is believed that in the learning process, a 
learner goes through all levels successively.  

Bloom’s Taxonomy is widely used in education. It 
provides a framework for defining and grading the 
goals and objectives of the education, planning the 
learning process activities, formulating problems and 
setting tasks for learners, choosing assessment tools 
adequate to the set goals, etc. [2]. A generally 
accepted classification defines the skills of the top 
three levels of Bloom’s Taxonomy (Analysis, 
Synthesis, and Evaluation) as higher-order thinking 
skills (HOTS), and those of the lower three levels 
(Knowledge, Comprehension, and Application) – as 
lower-order thinking skills (LOTS). HOTS are 
extremely valuable and very important for the 
progress of every member of society, as well as the 
progress of society as a whole. This includes critical 
thinking skills, abilities for knowledge and skills 
transfer, problem solving skills, etc. [3].  

The assessment of student’s knowledge and skills 
must be objective, i.e. to make the same assessments 
in different inspections, regardless of where the 
assessment takes place and who the assessors are. In 
many cases this is difficult to achieve, especially 
when it comes to assessing HOTS that require 
creative thinking. This is what has motivated our 
work directed at creating complex multicomponent 
models for assessing students’ achievements. The 
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models described in the article draw ideas from the 
fuzzy set theory. It is a formal apparatus for 
describing and analysis of complex objects and 
phenomena in the conditions of fuzzy information. 
This theory provides a scheme for solving problems 
in which the subjective assessment plays a significant 
role in accounting for uncertainty factors. The main 
assumption of the theory is that the degree of 
possession of a subjective property by an object is 
not amenable to objective assessment, or assessment 
of the type “yes”/“no”, but allows a subjective 
interpretation of a more general nature [4].  
 
2. Assessment Approaches 

 
Different forms and methods of testing are used to 

assess learners’ knowledge, such as online or offline 
tests, answers to open-ended questions, testing and 
reading of code, solving problems and case studies, 
work on projects, essays, etc. The final assessment 
must be complex and involve different components 
having different weights in its formation.  

A detailed review of literature referring to various 
techniques for multicriteria decision making and their 
applications is available in [5]. Depending on the 
problem studied, the assessment criteria can be 
expressed through a quantitative, qualitative, fuzzy or 
mixed model. In addition to the assessment criteria, 
the weights of the criteria can also be expressed in 
fuzzy numbers or fuzzy ratios to express the meaning 
of the criteria [6]. There are different classifications 
of approaches for assessing learners’ knowledge 
depending on the purpose. Problems related to 
predictive modeling for recruiting and retaining 
student is presented in [7]. Experiments related to the 
development of forecasting models based on student 
admission data are presented in [8], [9]. The idea of 
multi-criteria models in cluster design could be 
applied in the ranking and distribution of students in 
groups for assessment purposes [10].  

A model can be applied to assess the work of the 
learners, taking into account the acquired theoretical 
knowledge and practical skills separately [11]: 

 

max
..

𝛼 𝑤 𝑒 𝛽 𝑤 𝑒 , 

∑ 𝑤 1,      ∑ 𝑤 1,    𝛼  𝛽  1, 

where 𝑤  and 𝑤  are relative weighting factors for 
the measured theoretical (𝑒 ) and practical (𝑒 ) 
criteria of the 𝑖-th student, and 𝛼 and 𝛽 show the 
weights with which theoretical knowledge and 
practical skills participate in the final assessment. 

Approaches for dynamic assessment of learners 
based on intuitionistic fuzzy evaluations are 
presented in [12], [13]. In [14] intuitionistic fuzzy 

evaluations are applied for specific assessment of the 
knowledge of students in mathematics in university 
courses for e-learning, and in [15] fuzzy grades are 
formed on the basis of evaluating the student work 
by several different lecturers. 

 
3. Models for Hierarchical Multicomponent 

Evaluation 
 
In multicomponent evaluation, the final 

assessment is a function of many assessment 
components which are measures of different 
knowledge and skills, both theoretical and practical. 
The assessment components can be varied – tests, 
assignments, term papers, case studies, projects, 
essays, and many more. They may require individual 
work as well as teamwork. They can be assessed in 
different ways – teacher assessment, self-assessment, 
peer assessment, etc., and by means of different 
assessment scales and systems.  

In the simplest case, the components have equal 
weight and the score is formed as the arithmetic 
mean of the scores of the components. In many 
cases, however, assessors consider some assessment 
components to be more significant and indicative, so 
they give them higher weight values. These weight 
values can be determined intuitively, motivated by 
taxonomy, depending on the specific domain, 
scientific field, professional field etc. Another 
possibility is to determine the weights automatically, 
e.g. to use methods of artificial intelligence which 
form new assessments based on accumulated data for 
previously made evaluations. A similar successful 
experiment with a neural network is described in 
[16]. In both main approaches, weights are an 
explicit or implicit manifestation of the assessor’s 
subjective opinion. In the first case, the assessor 
clearly sets subjective weights. In the second – the 
neural network automatically determines the weights 
but they are based on the assessor’s subjective 
judgment presented through input-output data for 
training neural networks. 

The formation of the final assessment depends on 
the assessor’s subjective judgment for some other 
reasons as well. The subjective factor is most often 
manifested in borderline cases where the assessor 
hesitates between two discrete values for the final 
assessment, when its real value is between the two. 
For example, for a rating scale from 2 to 6, 
borderline problem cases are those in which the 
actual ranges are around 2.5, 3.5, 4.5, 5.5. 

Despite the good results for automated assessment 
obtained with neural networks and other methods of 
artificial intelligence, in the general case there is no 
clarity for the objectivity of the assessments made. 
The assessor may be left with a sense of distrust in 
the automated evaluation, which has its real grounds. 
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The neural network is trained on input-output 
samples provided by the assessor, and sometimes 
samples for certain boundary cases may be missing. 
The neural network creates a function on the input 
variables which approaches the logic provided by the 
samples, but not all possible cases. Determining and 
collecting a sufficient number of input-output data 
for a neural network in multidimensional spaces is 
also a complex issue. The algorithmic increase in 
the number of input-output samples for neural 
network training is an approach successfully 
experimented by us and is briefly presented in [16]. 
Nevertheless, artificial intelligence methods remain 
based on subjective assessments provided by the 
assessor. 

A possible approach to creating a complex solution 
is the examination of multiple evaluation methods in 
order to compare them and possibly use them 
simultaneously in an automated assessment system. 

Working in this direction, we focused on modeling 
the hierarchical organization of the assessment 
components and the dependencies between them 
which the assessor explicitly or implicitly uses in 
assessment (fig. 1). For example, in many cources, 
the main assessment components are “practice” and 
“theory”, and in terms of thinking skills, their 
respective subcomponents can be theoretical and 
practical LOTS and HOTS. On the other hand, if we 
choose HOTS and LOTS as the main components, 
they could have sub-components for assessing 
theoretical knowledge and practical skills. A specific 
hierarchy of components and subcomponents can be 
created using pre-standardized models selected by 
the assessor. 

It should be noted here that with sufficient input-
output samples and effective neural network training, 
the results obtained should reflect this hierarchical 
organization even if it is not explicitly indicated.

  

Figure 1.a) Model 1: Hierarchical tree-like organization 
of assessment components 

Figure 1.b) Model 2: Hierarchical graph organization 
of assessment components 

 

Figure 1.a) presents a general Model 1 of a 
hierarchical tree organization of the assessment 
components. In it, each main component, as well as 
the final assessment, depends on multiple 
subcomponents at the previous level. Furthermore, 
each sub-component affects only one higher-level 
component. 

Model 2 of hierarchical graph organization of 
assessment components (fig. 2.b) expands and 
summarizes the capabilities of Model 1. Main 
extensions are derived from the ability of a single 
component to affect multiple components from 
arbitrary higher levels, as well as to depend on 
components at different lower levels.  

The presented models could be used in many 
different approaches to evaluation where the final 
assessment is a function of multiple assessment 
components. Main characteristics of the proposed 
models are: 

 

 Level 1 of the component hierarchy describes 
specific values from conducted evaluations 
which can have different assessment scales, incl. 
written or oral, practical or theoretical. Examples 
of such values are: scores for theory and practice 
tests; scores for skill test according to Bloom’s 
Taxonomy; assessment of assignments, course 
projects, essays, case studies, etc. 

 At each subsequent level, the components form 
an assessment which is a function of the 
assessments of its subordinate sub-components 
from the previous level. In particular, all or part 
of the functions may have fuzzy logic. 

 At the last level there is one component, i.e. 
𝑘 1, but this is not mandatory. There may be 
several final assessments, e.g. for different 
evaluated cognitive skills. In that 𝑘 1. 
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A possible option for level 2 functions is the 
rationing of all values of the level 1 components to a 
common evaluation system (e.g. from 2 to 6). 
Similarly, the functions at each subsequent level 
could maintain the rationing of the parent 
components in the respective evaluation scale. The 
reason for such an approach to reasoning is the 
adherence to the logic of the assessor who often 
thinks in the categories of a specific evaluation scale. 
Of course, such an approach is not mandatory, and 
the general model allows for any intermediate results. 
The final assessment could, for example, be 
cumulative and get formed as the sum of the 
subcomponents.  

Usually, the evaluation sub-components have 
values in the space of real positive numbers 𝑅 . In 
different evaluation approaches, the values can be in 
other spaces of real, complex or other numbers. The 
final grade 𝐸 however, must belong to a space of 
predetermined possible values – e.g. it must be an 
integer in the range from 2 to 6, from 1 to 5, from A 
to F, etc. 

In the formal mathematical description of Model 1 
and Model 2, each level with a number 𝑖  has 𝑘  
components defining the set:  
 

(1) 𝑉 𝑣 , , 𝑣 , , … , 𝑣 , ∈ 𝑅 , 𝑘 ∈ 𝑁, 𝑖 1. . 𝑚 
 

Level 1 components are specific values obtained 
during evaluation. At each subsequent level i 2. . 𝑚 
the values are obtained as a result of applying 
functions to the components of the previous level. In 
Model 1 the number of components in a level 
decreases or remains equal to the number of 
components in the previous level  𝑘 𝑘 , s
2. . 𝑚, which is a consequence of combining sub-
components into components. The number of 
summarizing functions, and respectively of the 
components, can increase in certain levels with 
Model 2. 

In Model 1, the components’ values after level 1 
are calculated as a function on values of the 
components of the direct parental levels:  
 

(2) 𝑣 , 𝑓 , 𝑃 , ,  

𝑃 , 𝑣 , , 𝑣 , , … , 𝑣 , ⊆ 𝑉 , 

∀ 𝑖 2. . 𝑚, 𝑗 1. . 𝑘 ,  𝑠 𝑘  , and the components 
of 𝑉  meet only once in any 𝑃 , . 
 

In Model 2, parameters of the functions at a given 
level can be arbitrary assessment components from 
all previous levels, thus removing many restrictions: 

 
(3) 𝑣 , 𝑓 , 𝑄 , 𝑄 ⊆ ⋃ 𝑉 , 

∀ 𝑖 2. . 𝑚, 𝑗 1. . 𝑘 . 
 
 

4. Use of Fuzzy Logic in Hierarchical 
Multicomponent Evaluation 

 

In the exams conducted in the discipline “Internet 
Programming”, we assess theoretical knowledge and 
practical programming skills through four exam 
components: 

 

 tLOTS – theoretical LOTS, assessed by scores in 
the range [0, 30]; 

 pLOTS – practical LOTS, the assessment is an 
integer in the range [0, 15]; 

 tHOTS – theoretical HOTS, the assessment is an 
integer in the range [0, 15]; 

 pHOTS – practical HOTS, the assessment is a 
real number in the range [2, 6]. 

 

The pHOTS assessment is formed with a practical 
task and belongs to the range [2, 6]. The scores for 
the other evaluation components are formed using a 
test in paper or electronic form.  

The final assessment finalN is an integer on the 
evaluation scale [2, 6], i.e. finalN ∈ 2, 6 ⊂ 𝑁. 
Based on Model 1 of hierarchical tree organization 
of the evaluation components, we define two main 
possible options for formalizing the assessor’s logic 
for assessment in the respective discipline (fig. 2). If 
necessary, by defining additional dependencies 
between components at different levels, we can 
easily move to Model 2. Other options could also be 
created and experimented in different situations and 
disciplines in practice. What is important in any case 
is to determine the components’ hierarchy and 
relationship, as well as the set of their respective 
aggregate functions suitable for a given evaluation. 

The main components forming the final 
assessment in Variant 1 for the theoretical and 
practical hierarchical multicomponent evaluation 
are theory and practice (fig. 2.a). Sub-components 
of the theory are normalized forms of the primary 
components tLOTS and tHOTS, and in practice – the 
normalized forms of pLOTS and pHOTS. The 
purpose of the normalized forms is to reduce the 
primary components to a uniform evaluation scale (in 
this case, 2 to 6), so that they can be presented in 
mental frameworks for assessment that are closer to 
the assessor’s framework. 

On the other hand, in Variant 2 for HOTS-LOTS 
hierarchical multicomponent evaluation (fig. 2.b), 
HOTS and LOTS are accepted as primary 
components and their sub-components are 
respectively the normalized forms of the practical 
and theoretical HOTS, and the practical and 
theoretical LOTS. 

In both modeled variants normalized forms of the 
main evaluation components are at the first 
functional level. Specific normalizing functions can 
implement a liberal or strict approach for 
evaluation, or their modification, depending on the  
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assessor’s judgment. In the liberal approach, the 
scores from the primary components are reduced 
directly to the interval [2, 6]: 

 

(4.1) ‖𝑡𝐿𝑂𝑇𝑆‖  2 4  

(4.2) ‖𝑡𝐻𝑂𝑇𝑆‖  2 4  

(4.3) ‖𝑝𝐿𝑂𝑇𝑆‖  2 4  

(4.4) ‖𝑝𝐻𝑂𝑇𝑆‖  𝑝𝐻𝑂𝑇𝑆. 
 

In the strict evaluation approach, the scores are 
initially displayed in the interval [0, 6]. Assessments 
under 2,5 are rounded to 2. Accordingly, the 
membership functions for the second level 
components are: 

 

(5.1.1) ‖𝑡𝐿𝑂𝑇𝑆‖
2, 6 2.5

6 , 6 2.5
 

(5.2.1) ‖𝑡𝐻𝑂𝑇𝑆‖
2, 6 2.5

6 , 6 2.5
 

(5.3.1) ‖𝑝𝐿𝑂𝑇𝑆‖
2, 6 2.5

6 , 6 2.5
 

(5.4) ‖𝑝𝐻𝑂𝑇𝑆‖  𝑝𝐻𝑂𝑇𝑆. 
 

Presented with IF-THEN logic, the formulas look 
like this: 

 

(5.1.2) 

‖𝒕𝑳𝑶𝑻𝑺‖: 𝐼𝐹 6

02.5 𝑇𝐻𝐸𝑁  ‖𝑡𝐿𝑂𝑇𝑆‖ 𝐼𝑆 2 𝐸𝐿𝑆𝐸 ‖𝑡𝐿𝑂𝑇𝑆‖ 𝐼𝑆 6  

(5.2.2) 

‖𝒕𝑯𝑶𝑻𝑺‖: 𝐼𝐹 6

2.5 𝑇𝐻𝐸𝑁  ‖𝑡𝐻𝑂𝑇𝑆‖ 𝐼𝑆 2 𝐸𝐿𝑆𝐸 ‖𝑡𝐻𝑂𝑇𝑆‖ 𝐼𝑆 6  

(5.3.2) 

‖𝒑𝑳𝑶𝑻𝑺‖: 𝐼𝐹 6

2.5 𝑇𝐻𝐸𝑁  ‖𝑝𝐿𝑂𝑇𝑆‖ 𝐼𝑆 2 𝐸𝐿𝑆𝐸 ‖𝑝𝐿𝑂𝑇𝑆‖ 𝐼𝑆 6  

 

More complex fuzzy logic needs to be used in the 
membership functions for the main components – 
theory and practice. The arithmetic mean values of 
the sub-components are not always a good solution 
and therefore a subjective assessment is made by the 
assessor. There are many specific cases that need to 
be formalized to describe the assessor’s logic. Some 
of the considerations used in our assessment to 
evaluate practice components are as follows: 

 

 If pHOTS or pLOTS is 2, the assessment of the 
practice component is no more than 3 even if the 
other sub-component has an assessment of 6. 

 If the assessment pHOTS is higher while pLOTS 
is low, then suspicions arise of dishonest 
behavior of the student in solving the task that 
forms the pHOTS assessment. The assessment 
should logically be lower than the arithmetic 
mean. This happens most often when pHOTS is 
close to 6, and pLOTS is close to 3. 

 If pLOTS is high and pHOTS is low, then the 
knowledge demonstrated during the test ensures 
that the student has the necessary basis for future 
development in the discipline taught. Although 
he did not perform well in solving the task, the 
student deserves an incentive within reasonable 
limits. Of course, these limits must be pre-
formalized with precise numerical values and 
rules. 
 

Similar considerations apply to theoretical 
knowledge. As the tests forming tHOTS and tLOTS 
are usually performed in a controlled environment, 
dishonest student behavior is not common. 
Moreover, the high grades tHOTS are normally 
tolerated even with a partial lack of theoretical 
knowledge in tLOTS. 

The specific rules we use to assess practice and 
theory in Variant 1 for theoretical and practical 
hierarchical multicomponent evaluation are as 
follows: 
 

  

Figure 2.a)  Variant 1: Theoretical and practical 
hierarchical multicomponent assessment based on Model 1 

Figure 2.b)  Variant 2: HOTS-LOTS hierarchical 
multicomponent assessment based on Model 1 
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(6.1)    𝒑𝒓𝒂𝒄𝒕𝒊𝒄𝒆 ‖𝒑𝑳𝑶𝑻𝑺‖, ‖𝒑𝑯𝑶𝑻𝑺‖ : 

𝐼𝐹 
‖𝑝𝐻𝑂𝑇𝑆‖ ‖𝑝𝐿𝑂𝑇𝑆‖

2
2.5 𝑇𝐻𝐸𝑁 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 𝐼𝑆 2 

𝐸𝐿𝑆𝐸 𝐼𝐹 ‖𝑝𝐿𝑂𝑇𝑆‖ 2 𝑂𝑅 ‖𝑝𝐻𝑂𝑇𝑆‖ 2 𝑇𝐻𝐸𝑁 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 𝐼𝑆 3 

𝐸𝐿𝑆𝐸 𝐼𝐹 ‖𝑝𝐻𝑂𝑇𝑆‖
‖𝑝𝐿𝑂𝑇𝑆‖
2  

𝑇𝐻𝐸𝑁 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 𝐼𝑆 
‖𝑝𝐻𝑂𝑇𝑆‖ ‖𝑝𝐿𝑂𝑇𝑆‖

2

0.5  

𝐸𝐿𝑆𝐸 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 𝐼𝑆 
‖𝑝𝐻𝑂𝑇𝑆‖ ‖𝑝𝐿𝑂𝑇𝑆‖

2
 

(6.2) 𝒕𝒉𝒆𝒐𝒓𝒚 ‖𝒕𝑳𝑶𝑻𝑺‖, ‖𝒕𝑯𝑶𝑻𝑺‖ : 

𝐼𝐹 
‖𝑡𝐻𝑂𝑇𝑆‖ ‖𝑡𝐿𝑂𝑇𝑆‖

2
2.5 𝑇𝐻𝐸𝑁 𝑡ℎ𝑒𝑜𝑟𝑦 𝐼𝑆 2 

𝐸𝐿𝑆𝐸 𝐼𝐹 ‖𝑡𝐻𝑂𝑇𝑆‖ ‖𝑡𝐿𝑂𝑇𝑆‖ 2  

𝑇𝐻𝐸𝑁 𝑡ℎ𝑒𝑜𝑟𝑦 𝐼𝑆 
‖𝑡𝐻𝑂𝑇𝑆‖ ‖𝑡𝐿𝑂𝑇𝑆‖

2
0.3  

𝐸𝐿𝑆𝐸 𝑡ℎ𝑒𝑜𝑟𝑦 𝐼𝑆 
‖𝑡𝐻𝑂𝑇𝑆‖ ‖𝑡𝐿𝑂𝑇𝑆‖

2
 

To determine the final assessment in the Variant 1 
presented, we have chosen to put equal weight to 
theory and practice and we have formulated the rules 
as follows: 

(7) 𝒇𝒊𝒏𝒂𝒍𝑹 𝒕𝒉𝒆𝒐𝒓𝒚, 𝒑𝒓𝒂𝒄𝒕𝒊𝒄𝒆 :  

𝐼𝐹 
𝑡ℎ𝑒𝑜𝑟𝑦 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒

2
2.5 𝑇𝐻𝐸𝑁 𝑓𝑖𝑛𝑎𝑙𝑅 𝐼𝑆 2 

𝐸𝐿𝑆𝐸 𝐼𝐹 𝑡ℎ𝑒𝑜𝑟𝑦 2 𝑂𝑅 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 2 𝑇𝐻𝐸𝑁 𝑓𝑖𝑛𝑎𝑙𝑅 𝐼𝑆 3 

𝐸𝐿𝑆𝐸 𝑓𝑖𝑛𝑎𝑙𝑅 𝐼𝑆 
𝑡ℎ𝑒𝑜𝑟𝑦 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒

2
 

The final assessment 𝑓𝑖𝑛𝑎𝑙𝑁 is defined by 
rounding 𝑓𝑖𝑛𝑎𝑙𝑅 to the nearest integer:  

(8) 𝒇𝒊𝒏𝒂𝒍𝑵 𝒇𝒊𝒏𝒂𝒍𝑹 𝑅𝑂𝑈𝑁𝐷 𝑓𝑖𝑛𝑎𝑙𝑅  

Determining the assessments HOTS and LOTS in 
Variant 2 for HOTS-LOTS hierarchical

 

multicomponent evaluation are also subject to 
similar considerations and can be customized 
according to the views of the particular assessor.  

The evaluation formulas for the practice and 
theory components – (6.1) and (6.2) are compliant 
with Model 1, therefore, only components from the 
previous level are involved in them. In certain 
borderline cases it is suitable to use higher-level 
subcomponents, respectively Model 2. The reason for 
this type of evaluation could be the following 
reasoning: The assessment for theory is 2 if the 
arithmetic mean value of the normalized assessments 
is lower than 2.5 and the 𝑝𝐿𝑂𝑇𝑆 scores are less than 
8 (in the strict assessment approach): 

𝐼𝐹 
‖𝑝𝐻𝑂𝑇𝑆‖ ‖𝑝𝐿𝑂𝑇𝑆‖

2
2.5 𝐴𝑁𝐷 𝑝𝐿𝑂𝑇𝑆

8 𝑇𝐻𝐸𝑁 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 𝐼𝑆 2 

 

In our experiments on forming assessments 
according to different rules, we achieved the best 
approximation to the assessor’s logic in the 
combination “Model 2 – Variant 1 – Strict 
approach”. 

Creating a workable solution at a certain time for a 
certain discipline, course and assessors does not 
guarantee its effective applicability in the future, for 
other courses or other assessors. Initial settings and 
several automatically obtained correct estimates do 
not release the assessor from the responsibility for 
monitoring and control of the subsequent results. 
Unforeseen or inaccurate rules could distort the 
assessor’s logic in certain traditional or borderline 
cases.  

The advantage of using fuzzy logic in evaluation is 
the ability to achieve accurate automated assessment 
according to the subjective assessor’s logic. The 
main disadvantage is the difficulty for non-specialists 
to formalize the rules for forming the assessment. 
Another disadvantage compared to the artificial 
intelligence methods studied by us is the need for 
specific work in determining the rules and checking 
their correctness. 

The main conclusion of the conducted study is that 
the use of fuzzy logic ensures the receiving of correct 
grades, with correctly written rules, while the use of 
artificial intelligence methods requires a sufficiently 
large number of appropriate input-output samples for 
training. The creation of input-output samples in 
artificial intelligence methods is part of the natural 
evaluation process, while determining formal logic 
requires mathematical and algorithmic thinking. It 
should be noted here that all automated approaches 
require subsequent monitoring and control by the 
teacher of the automatically formed assessments. 

5. Conclusion

Complex and objective evaluation of students’ 
knowledge and skills is an important element of the 
educational process both for students and teachers. 
On the one hand, the evaluation enables teachers to 
monitor the progress of learners, to assess whether 
the learning objectives are met, to estimate the 
learners’ needs, to evaluate the effectiveness of 
teaching and learning. On the other hand, the 
evaluation enables learners to identify their strengths 
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and weaknesses, compare themselves with their 
peers, and take responsibility for their own progress. 
It is for these reasons that teachers need to focus on 
the assessment process and look for working 
evaluation models appropriate for their students and 
the cources they teach. 

The theory of fuzzy sets provides a tool for 
formalizing the assessor’s subjective logic in 
mathematical and software models. The proposed 
models for hierarchical multicomponent evaluation 
of students aim at comprehensive evaluation of 
different thinking skills of high and low order, 
theoretical knowledge and practical skills, etc. They 
allow the use of fuzzy logic and can be adapted for 
use in assessing different disciplines in different age 
groups. A specific case of using the proposed models 
has been successfully experimented with students 
studying in the discipline “Internet Programming”. 
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