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Abstract: Accurate and objective assessment of students’ knowledge remains a challenging problem due to the inherent
uncertainty and subjectivity of traditional evaluation systems. Conventional grading approaches often fail to account for
task complexity, discrimination power, and variability in student responses, which leads to inconsistent and biased results.
This study proposes a multi-stage fuzzy logic—based decision-making model for knowledge assessment. The model
integrates several key evaluation indicators, including task difficulty, discrimination index, response value, and response
weight, within a unified fuzzy inference framework. A structured multi-factor evaluation mechanism is developed, where
fuzzy membership functions and rule-based inference are used to transform qualitative judgments into quantitative
assessment measures. Furthermore, a defuzzification process based on the Center of Gravity (COG) method is applied to
obtain final scores, and a correction mechanism is introduced to refine evaluation outcomes. A comparative analysis was
conducted using assessment data from 100 students across 5 tasks evaluated on a [0—10] scale. The results suggest that
the proposed approach provides a more differentiated and consistent interpretation of student performance than the
traditional assessment method. The proposed model provides a reliable and interpretable framework for evaluating
students’ knowledge and supports the development of adaptive and intelligent educational assessment systems.

Index Terms: Fuzzy Sets, Educational System, Students Knowledge, Assessment System, Objectivity, Differentiation

Index, Response Value, Fuzzification, Logical Control, Educational Effectiveness, Innovative Methods, Dynamic
Assessment, Individualized Approach, Students' Success
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Adaptive Multi-Stage Fuzzy Logic Model of Student Knowledge Assessment

1. Introduction

Assessment of students’ knowledge and skills plays an important role in the educational process. In practice, however,
traditional evaluation methods are often influenced by subjective judgment and do not always reflect the actual level of
students’ understanding. As a result, students who receive the same grade may differ significantly in their knowledge,
reasoning ability, and task performance. This situation indicates the need for more objective, transparent, and reliable
assessment approaches. A well-organized assessment system can improve the effectiveness of the learning process and
provide more consistent evaluation results [1, 2].

In recent years, various intelligent methods have been applied to improve the quality of educational assessment
systems. In particular, fuzzy set theory, introduced by Zadeh, has been widely used to model uncertainty in complex
decision-making processes [3]. The main advantage of fuzzy logic is that it allows the use of linguistic and approximate
values, which makes it suitable for educational evaluation where strict numerical boundaries are often difficult to define
[3, 4]. In addition to classical fuzzy decision models, recent studies have shown that intelligent assessment systems
increasingly combine flexible rule-based reasoning, adaptive learning mechanisms, and data-driven evaluation strategies
in order to support more balanced interpretation of student performance [5-7].

A growing body of research has explored fuzzy and intelligent methods in educational assessment. These studies
indicate that fuzzy logic, adaptive assessment, and knowledge-based models can improve the flexibility and consistency
of academic evaluation. However, the development of an interpretable multi-factor assessment framework that jointly
considers task difficulty, discrimination capability, response value, and response weight remains an open research issue.
Therefore, the next section reviews related studies in intelligent and fuzzy logic-based educational assessment.

1.1. Problem Statement

Although a number of studies have explored fuzzy logic and intelligent assessment in education, several limitations
remain. First, many traditional assessment systems still rely mainly on direct scoring and rigid grade boundaries, which
may fail to capture the actual complexity of student performance across different tasks [8, 10, 11]. Second, even when
intelligent or fuzzy approaches are applied, some models focus only on a limited number of evaluation criteria and do not
fully account for the interaction among task difficulty, discrimination capability, response quality, and response
importance [9, 12—15]. As a result, the obtained evaluation may still remain sensitive to simplification and may not fully
represent the multidimensional nature of student knowledge.

Another important issue is that students with similar total scores may demonstrate substantially different levels of
understanding at the task level. This makes it difficult for conventional systems to provide a sufficiently balanced
interpretation of learning outcomes. Recent works on fuzzy performance evaluation, adaptive assessment, and intelligent
educational systems emphasize the importance of integrating several indicators into a unified evaluation procedure rather
than relying on a single aggregated score [16-22]. Therefore, there is still a need for an interpretable assessment model
that can combine multiple evaluation indicators in a structured way and reduce subjectivity in the final decision-making
process.

1.2. Research Motivation and Contribution

Taking these aspects into account, this study proposes a fuzzy logic-based approach for assessing students’
knowledge using multiple evaluation indicators. The model considers task difficulty, discrimination index, response value,
and response weight, and combines them within a unified multi-stage assessment framework. The proposed approach is
intended to reduce subjectivity in assessment and to provide more consistent evaluation results.

In addition, the model includes a correction mechanism that helps improve the consistency of the final evaluation
results. From a practical point of view, the proposed framework can support instructors in making more objective and
balanced assessment decisions and can be used as a basis for adaptive educational assessment systems. In this sense, the
contribution of the study lies not in the use of fuzzy logic itself, but in the development of a structured multi-factor model
that combines several educational evaluation indicators within one interpretable decision-making process.

2. Related Work

Recent studies show that intelligent assessment systems are increasingly being used to improve the objectivity,
adaptability, and transparency of educational evaluation. Kuang et al. [2] analyzed the objectives, methods, and challenges
of intelligent assessment in education and emphasized that modern assessment systems should not be limited to direct
scoring, but should also support meaningful interpretation of learning outcomes. In this direction, knowledge-based and
ontology-based approaches have been proposed to represent classroom activities, learning objectives, and assessment
criteria in a more structured form [8, 9].

Several studies have focused on adaptive and knowledge-based assessment models. Hatzilygeroudis et al. [12]
developed a knowledge-based adaptive assessment approach for web-based intelligent educational systems, showing that
assessment can be improved when student responses are interpreted through a rule-based mechanism. Similarly, Wang et
al. [11] proposed a unified knowledge tracing framework for subjective and objective assessments, highlighting the need
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to consider different types of student responses within a single evaluation structure. These studies indicate that educational
assessment should reflect not only the final score, but also the structure and quality of student performance.

Fuzzy logic has also been widely applied in student performance evaluation because it allows uncertain, partial, and
linguistically expressed knowledge to be modeled more flexibly. Jan et al. [14] used fuzzy logic to monitor students’
academic performance in higher education, demonstrating its usefulness for dealing with uncertainty in academic
evaluation. Hu et al. [15] proposed an educational performance evaluation model based on fuzzy evaluation, while
Barlybayev et al. [16] conducted a comparative analysis of grading models using fuzzy logic to improve fairness and
consistency in student performance evaluation. These works confirm that fuzzy models can provide a more flexible
alternative to rigid grading boundaries.

More recent studies have extended fuzzy assessment toward intelligent and adaptive educational environments. Ergin
and Nasibov [17] analyzed students’ academic performance using a fuzzy inference system, showing that fuzzy rules can
support more interpretable evaluation decisions. Yang [21] developed a fuzzy comprehensive evaluation and decision
support system for online course learning management, while Karl et al. [22] investigated the use of fuzzy logic and
machine learning methods in advanced examination systems. These studies demonstrate the growing importance of
intelligent assessment models in digital and adaptive learning environments.

Despite these contributions, existing studies often focus on a limited set of assessment indicators or address student
performance mainly from the perspective of general academic achievement. Less attention has been given to the joint
consideration of task difficulty, discrimination index, response value, and response weight within one interpretable fuzzy
inference framework. Therefore, the present study aims to fill this gap by developing a multi-stage fuzzy logic-based
assessment model that integrates these indicators and applies a correction mechanism to obtain more balanced and
consistent evaluation results.

3. Proposed Approach

In this study, a fuzzy logic—based approach is employed for assessing students’ knowledge. The use of fuzzy logic
allows the modeling of uncertainty and ambiguity that naturally arise in educational evaluation processes. Unlike
traditional methods, which rely on strict numerical boundaries, fuzzy logic provides a more flexible framework for
representing partial knowledge and varying levels of student performance. As a result, it becomes possible to describe
evaluation criteria in a way that is closer to real teaching practice.

The fuzzy logic model integrates several parameters and decision rules to achieve more consistent outcomes, thereby
simplifying the decision-making process and improving its efficiency. This approach supports a multi-dimensional
evaluation mechanism that considers not only final scores but also qualitative aspects of learning. Consequently, it
contributes to improving the educational process and provides a more realistic interpretation of students' level of
comprehension [4].

The fuzzy control model considers multiple parameters when evaluating students’ knowledge. These parameters
include:

* Degree of difficulty — used to determine the complexity level of the task and its impact on student performance.

* Discrimination index — enables analysis of differences among students’ responses and helps identify how well
a task distinguishes between different knowledge levels.

* Response value —serves as a key indicator in assessing whether a student’s answer is correct or partially correct.

* Response weight — indicates the relative importance of each task within the overall evaluation process.

In addition to these factors, the interaction between different indicators is also taken into account, which allows the
model to reflect the real structure of the assessment process more accurately. By combining these parameters within a
unified framework, the system produces final decisions that support a more objective evaluation of students’ knowledge
and skills. The primary objective of the model is to ensure fairness in determining students’ comprehension levels and to
provide instructors with meaningful insights into students' strengths and weaknesses.

The overall scheme of the assessment process is illustrated in Fig 1, which shows the step-by-step analysis of
evaluation criteria and the process of arriving at a final decision. This scheme reflects the logical sequence of data
processing, from initial inputs to final evaluation results. Through this approach, a multi-factor assessment method is
applied to determine students’ knowledge levels, ensuring a comprehensive and systematic evaluation process.
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Fig. 1. Decision-making scheme based on multi-factor analysis of learning performance indicators.

This scheme is designed to implement a step-by-step analytical process, where each stage serves as a foundation for
ensuring the accuracy of identifying, analyzing, and making decisions based on students’ performance indicators. The
sequence of these stages is detailed below.

Stage 1. For each task T;, the student’s score Pry; is determined as a value assigned by instructor I;. Based on the

evaluations from all instructors, the final score of each student for each task is calculated using a weighted average. Then,
a matrix M is constructed to represent the scores for each task and student as follows:

Ty T2 Tn

1 1 1 1
—;Z}‘zlpm;Z =1 DP12j - Z =1P1mj- M

For each task T; (where 1 < i < m), the top 20% of students with the highest scores are selected as the “high group”,
while the bottom 20% of students with the lowest scores are selected as the “low group”. The average scores of each
group are then calculated and denoted as H; and L;, respectively. The difficulty level of task T; is then calculated using
the following formula:

I:Ii+ I_‘i

di:l_ 2q;

2

Where, d; denotes the difficulty level, and its value lies within the interval 0 < d; < 1. Each d;is converted into a
fuzzy value based on five fuzzy sets, and a membership value is calculated for each set (Fig 2). Based on these parameters,
the difficulty matrix D is constructed as follows:

. L SL M SH H

Tl / diy dy; dyg dyy dy \

D = 32 d21 d22 d23 d24— dZS . (3)
T N H : H N

m dml dmz dm3 dm4 de

Here, d, €[0,1] and 1<i<m,] <w<5 represent the membership value of each task T; corresponding to the five

fuzzy sets.
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Fig. 2. Membership functions of five fuzzy values

Stage 2. Based on the score matrix M, the membership value of the discrimination index corresponding to each
fuzzy set for task 7; is calculated. As a result, the following fuzzy discrimination index matrix is constructed:

L LM M SH H

Tl ~ M A
T f11 12 f13 f14 flS
2

F = . f21 fzz f23 f24. f2s | “)
Tm . fml ]‘cmz fm3 fm4 fm5 .
Where :

f e[O,l] (where léiSm,ISWSS)

represents the membership value of the discrimination index of task T; corresponding to the five fuzzy sets related to the
i-th task.

During this process, the discrimination indices of the tasks reflect the differences in student performance levels and
enhance the accuracy and consistency of evaluation through fuzzy values. This system enables both instructors and
students to identify disparities in the assessment process.

Stage 3. A set of rules for fuzzy logical inference Ra — is developed (Table 1). This rule set is applied together with
the fuzzy difficulty matrix D and the fuzzy discrimination index matrix F to perform fuzzy inference in evaluating the
response value of each task.

Table 1. Fuzzy inference rules RA (RE) used to determine the evaluation indicators of the response

Fuzzy Complexity
Fuzzy Discrimination Index

SL M SH H

L L P SL SL M

SL L SL SL M SH

M SL SL M SH SH

SH SL M SH SH H

H M SH SH H H

In fuzzy inference rules, the discrimination index and difficulty level are used respectively as the evaluation value
of the response and the assessment weight calculated through fuzzy rules. In other words, complexity and discrimination
indices serve as the key factors in determining the degree to which a response is evaluated. These values contribute to a
fair and accurate assessment of the response.

Stage 4. The weights 6; and 0, are calculated for the difficulty level and discrimination index of each task,
respectively. Then, for each task, an evaluation indicators matrix is constructed, where the evaluation indicator of each
task is represented as one of the five fuzzy sets. Using the fuzzy inference rules, the final evaluation level for each task is
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determined. This fuzzy value is then defuzzied into a crisp score using the Center of Gravity (COG) method, resulting in
the final score of each task. To represent the fuzzy values of the responses, the evaluation indicators matrix A is formed

as follows:

L LS M SH H
T1 ~ ~ A . .
T A1 A1 Q130494 Qgs
A= :2 QAz1 Az QA3 Qp4 dps (5)
T

Am1 Am2 Qm3 Ama Ams

Where :
a, e [O, 1], 1<i<, 1< w<5, indicates the degree to which the evaluation indicator of task T; belongs to one of

the five fuzzy sets. For convenience, these five fuzzy sets can be categorized into the following levels: 1 — “Low”, 2 —
“Slightly Low”, 3 — “Medium”, 4 — “Slightly High”, 5 — “High”.

Given the difficulty level w; and the discrimination level wg, the evaluation level w of the response can be
determined using the fuzzy inference rules R, provided in Table 1. The value of a;,, is then calculated using the following
formula:

Aiw max 0:d;,, . +0:d;,
{(Wdrwf)|RA(Wd,Wf)=w}{ fHiwg fihad® f} (6)

Where :

1<i<m, 0<w<S5,

If a task has a high level of complexity and a high discrimination index, it indicates that the task is intended for
students with a high level of knowledge and provides a more accurate means of assessing their performance.

Stage 5. Calculating the weight of the response based on the importance of each task. This indicator is used to
measure the influence of each task in the evaluation process. If there is a larger variation in the scores assigned to a
particular task, then that task plays a more significant role in the assessment -i.e., the weight of the task increases. The
response weight of each task is calculated based on the score matrix M, using the following formula:

! / l n 1 n
1 1 zh:th:l ; ijlphij - ; Z(/:lp”‘/

c.=—X| —+ 1 1
7ij1phij _221:1]?@'

2y
i=1 h=1 t:n

, (7

Where -
0<c¢ <land 1<i<m.

Stage 6. Each c; value is classified into five fuzzy categories, and a weight value is calculated for each corresponding
fuzzy category. As a result, the fuzzy response weight matrix C is constructed as follows:

L SL M SH H

T1 A o . -
T €11 €12 €13 C1a (g5

C= :2 C21 Ca2 C23 (24 C25 ®)
T

Cm1 Cm2 Cm3 Cma Cms

Where :
cw €[01] ¢, € [0,1] and 1<i<m,1<w<5 represent the response weight value of task T; corresponding to

one of the five fuzzy sets.
Stage 7. Based on the evaluation matrix A, the fuzzy response weight matrix C, and the fuzzy inference rules, the

correction value for each task is calculated. In this process, the response value a; and the response weight c; for each task
T; are used to compute the weights 8, and 6, using the following formulas:
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al.—ak‘

1! 22

ea = %5t m m m m s (9)
22 Z[:le:l 4~ ak‘ + Z[:le:l G~ Ck‘
QC = lx l-}— — _ Zizlzkzl € ;ck‘ _ (10)
2 2 Zizlzkzl 4; _ak‘ +zizlzk:] G _ck‘

It is important to note that 8, evaluates the quality of the response, while 6, assesses the importance of the task [14].

Stage 8. Formation of the fuzzy correction values matrix. Fuzzy correction values take into account how well the
tasks align with the intended evaluation criteria and the adjustments made to improve the assigned scores. This matrix is
populated with values determined based on fuzzy sets for each task and is denoted as follows:

L SL M SH H

Ty ~ o . .
T €11 €12 €13€14 €15

E = :2 €21 €22 €23 €34 €35 (11)
T

€m1 €m2 €m3 €ma €ms

The membership value e;,, € [0,1] indicates the degree to which the fuzzy correction value of task T; belongs to the
w-th fuzzy set. Given the response evaluation level w, and the response weight w,, the correction level w is determined
according to the fuzzy inference rule base Ry presented in Table 1. The correction membership value e;,, is calculated as
follows:

w = 0.d; 0. diy.j 1<i<ml<w<5
Ciw {(wa.wcn@%’fawcﬁw}{ i + Oclin.} b=m v (12)
Where :
d,,, — membership degree of task T.corresponding to response evaluation level @,
d,,, — membership degree of task 7, corresponding toresponseweightw,

0,,0. — weighting coefficients
m — total number of tasks

For each task T}, the correction level g, is calculated using the Center of Gravity (COG) defuzzification method as

follows:

0.1 x €i1 + 0.3 X €in 4+ 0.5 x €i3 + 0.7 X €ia + 0.9 X €is i
e = , 1<i<ml1<wc<5. (13)
ej1 T+ e tezteytes

The obtained value a, represents the final crisp correction level for task T which integrates the membership degrees

of all fuzzy correction sets into a single quantitative indicator.

Stage 9. Adjustment of evaluation indicators and computation of the final result. In this step, the initial scores
for each task are updated by incorporating the corresponding fuzzy correction value, resulting in new adjusted scores.
This process is carried out to improve the accuracy of the evaluation and to ensure fair outcomes [8, 12].

The adjusted score for each task 7, is calculated as follows:

Ei = ti X (1 + ei). (14)

Thereafter, the overall adjusted score vector is represented in the following form:
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M —evaluation matrix

1

s, —newly adjusted scoreof thei — thtask

m —total number of tasks

T —transpose operator

1005, 1005,

1005,

q, — normalizationor weighting coefficient of thei —thtask

X P e PR by
Zizlsi Zi:lsi Zizlsf

(15)

In this process, the newly adjusted scores are normalized and transformed into the overall adjusted score vector,
which is used as the basis for the final evaluation of each response.

4. Results

This study examined the differences between the fuzzy logic-based evaluation approach proposed in this article and
the traditional assessment system. The main objective of the research was to reduce subjectivity in the evaluation of
students’ knowledge and to improve the consistency of the decision-making process. The fuzzy evaluation system was
applied to determine task scores by taking into account multiple evaluation factors within a unified framework. In the

study, scores were collected from 100 students across 5 tasks, evaluated using a [0—10] point scale.

At the initial stage, the traditional assessment scores for each student were established. These scores were assigned
based on the tasks completed by the students and were evaluated using a conventional assessment system. Table 2 presents
the traditional scores of 10 representative students selected from the full dataset of 100 students for illustrative comparison

across 5 different tasks.

Table 2. Student scores based on the traditional assessment system

Student 1 7 8 6 9 5 35
Student 2 8 7 8 8 7 38
Student 3 6 5 7 6 5 29
Student 4 9 9 9 10 8 45
Student 5 5 6 5 7 6 29
Student 6 7 8 7 8 7 37
Student 7 8 8 8 9 8 41
Student 8 6 5 6 7 6 30
Student 9 7 7 8 9 7 38
Student 10 9 8 9 10 9 45
Table 3. Adjusted student scores obtained using the proposed fuzzy logic-based assessment model
Student 1 8.4 9.2 7.2 9.8 6.4 41.0
Student 2 8.6 8.4 8.5 9.0 7.5 41.0
Student 3 6.2 5.1 7.1 6.3 5.4 29.1
Student 4 9.5 9.5 9.8 10.0 8.8 47.6
Student 5 5.5 6.4 5.5 7.3 6.5 31.2
Student 6 7.8 8.4 7.6 8.4 7.8 39.6
Student 7 8.5 8.6 8.7 9.3 8.4 43.5
Student 8 6.3 5.4 6.5 7.1 6.2 31.5
Student 9 7.8 7.3 8.3 9.1 7.6 39.1
Student 10 9.4 8.7 9.5 10.0 9.1 46.7

Based on the fuzzy evaluation system, correction values were calculated for each task, and the adjusted scores were
updated for each student. Using the fuzzy system, the final scores for each student were determined by incorporating the
corresponding fuzzy correction values. Table 3 presents the final scores obtained through the fuzzy evaluation approach.
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By comparing the scores presented in Tables 2 and 3, it can be observed that the fuzzy evaluation framework provides
a more differentiated interpretation of student performance (Fig. 3.). The obtained results suggest that the proposed
approach can reflect students’ performance in a more balanced way than the traditional assessment method, particularly
by taking into account task-related evaluation factors and reducing uncertainty in the assessment process.

10 Comparison of Traditional and Fuzzy System Scores

E Traditional Scores
BN Fuzzy System Scores

Scores

Students

Fig 3. Comparative analysis of traditional and multi-factor fuzzy assessment results

The results also indicate that traditional assessment systems may not fully reflect the relationship between a student’s
actual level of knowledge and the assigned grade, especially when task complexity and academic significance are not
considered. In this respect, the proposed fuzzy logic-based framework can support a more flexible and consistent
evaluation process by incorporating factors such as task complexity, discrimination index, response value, and response
weight. As a result, the model may contribute to a more objective and fair assessment of students’ knowledge and skills.

4.1. Result Discussion

The obtained results indicate that the proposed fuzzy logic-based assessment model provides a more differentiated
interpretation of student performance than the traditional scoring approach. As shown in Tables 2 and 3, the adjusted
scores generated by the fuzzy model are not formed through a simple uniform increase. Instead, they are refined by
considering task difficulty, discrimination index, response value, and response weight within a unified inference process.

Compared with the traditional method, the fuzzy assessment model better reflects differences among students with
similar total scores. This is important because students may achieve close final marks while demonstrating different levels
of performance across individual tasks. By incorporating fuzzy correction values, the proposed model reduces the
influence of rigid score boundaries and provides a more balanced evaluation of learning outcomes.

The results presented in Fig. 3 also show that the fuzzy system produces smoother and more interpretable score
adjustments. This suggests that the model can support instructors in making more consistent and transparent assessment
decisions. However, the obtained results should be interpreted within the scope of the experimental setting, which
included 100 students and 5 tasks. Further validation using larger datasets, different subjects, and real learning
management system data is required to confirm the general applicability of the proposed approach.

Overall, the discussion confirms that the proposed multi-stage fuzzy model improves the flexibility and consistency
of student knowledge assessment while preserving interpretability in the final decision-making process.

5. Conclusion

In this study, a multi-stage fuzzy logic-based approach for student knowledge assessment was developed and
analyzed. The proposed model combines task difficulty, discrimination index, response value, and response weight within
a unified evaluation framework, and also applies a correction mechanism to improve the consistency of the final results.
In contrast to traditional assessment methods, which often rely mainly on direct scoring and may be affected by subjective
judgment, the proposed approach allows multiple evaluation factors to be considered simultaneously within a structured
decision-making process.

The results obtained in this study show that the proposed fuzzy assessment framework can provide a more balanced
and consistent interpretation of student performance. By taking into account the complexity of tasks, differences in
discrimination power, and the relative importance of responses, the model supports a more objective assessment process
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and helps reduce uncertainty in evaluation. This is particularly important in educational practice, where students with
similar total scores may demonstrate different levels of understanding across individual tasks.

From a practical point of view, the proposed model can support instructors in making more informed and consistent
assessment decisions. It may also contribute to improving fairness and transparency in the educational evaluation process
by reducing the dependence on rigid scoring boundaries and by incorporating several assessment indicators into one
integrated framework. In this way, the model can be useful not only for current classroom assessment practices but also
as a basis for the development of adaptive and intelligent educational assessment systems.

Overall, the study demonstrates that fuzzy logic can be effectively applied to student knowledge assessment when
evaluation is treated as a multi-factor decision-making problem. The proposed approach has practical value for improving
the quality of assessment and may serve as a useful foundation for further research on automated, adaptive, and
interpretable educational evaluation models.

6. Limitations and Future Work

Although the proposed fuzzy logic-based assessment model showed promising results, this study has several
limitations. First, the experimental validation was conducted using assessment data from 100 students and 5 tasks, which
may limit the generalization of the results to other courses, institutions, or larger educational datasets. Second, the model
was evaluated mainly by comparing traditional and fuzzy-adjusted scores, while broader statistical validation and
comparison with other intelligent assessment methods were not included.

Future work will focus on testing the proposed model using larger and more diverse datasets collected from different
subjects and educational levels. In addition, further research may investigate the sensitivity of membership functions,
fuzzy rules, and weighting coefficients to improve the robustness of the model. Another important direction is the
integration of the proposed assessment framework into learning management systems, where it can be applied for
automated, adaptive, and real-time student performance evaluation.
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