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Abstract 
The paper discusses the problems of modern distance learning, such as individualization of the learning 
process. The need to improve the processes of supporting remote learning to improve the quality of education 
is substantiated. The aim of the study is to improve the quality of education and the organization of the 
educational process in distance learning.  
A set of interrelated tasks is proposed, the solution of which is to organize effective interaction between the 
teacher and the learning management system (LMS) using an agent-based approach. The main result that 
defines the novelty of the work is the formalization and integration of the following processes: (i) generating 
real-time suggestions to the teacher to control the performance of tasks during exams or electronic testing; 
(ii) monitoring students' learning during the semester with the possibility of changing the learning trajectory; 
(iii) monitoring parents' presence in online classes; (iv) generating recommendations for management and 
other stakeholders to improve online learning 
The modeling of the prototype of the proposed system confirms the effectiveness of its use as a means of 
studying the organization of the educational process. It shows how agents can help collect and analyze data 
on how effectively electronic resources are used for learning by students and teachers. 
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1. 1An introduction to the use of intelligent agents for decision-making 
in the educational process 

In the educational process, decision-making is an important step, as it affects the quality of learning 
and student success. However, there are some problems that can arise when making decisions in 
the educational process: the absence of necessary data or insufficient processing can make the 
decision-making process insufficiently informed and reduce its effectiveness; limited resources, 
such as budget, staff, and time, can force decisions that are not the best for the quality of education 
and student success; insufficient qualifications of education staff can lead to misunderstanding and 
analysis of data, which can lead to incorrect decisions; the diversity of students in a classroom can 
make decision-making more complex, as students' needs and interests may vary; insufficient 
motivation of students can reduce the effectiveness of learning and lead to lower quality solutions; 
social issues, such as poverty, violence, and discrimination, can affect the quality of education and 
student success and complicate decision-making. 

These problems can reduce the efficiency of decision-making in the educational process. 
The main advantages of using agents for decision making are their ability to: process automation 

- agents can help automate complex decision-making processes, which can increase productivity 
and reduce time spent on decisions; data collection and analysis - agents can help collect and 
analyze large amounts of data, which allows you to identify trends and patterns that can be used to 
make better decisions; intelligent decisions - agents can be trained to make decisions based on 
previous experiences and training using machine learning and other technologies, allowing them to 
make better decisions based on the analysis of many factors; individualized approach - agents can 
help to develop customized solutions for participants in the queuing process, which allows for a 
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more personalized approach and meet the needs of different groups. 
Thus, the use of agents in the educational process is relevant and can help improve the quality of 

decision-making. 

2. Related Works 

Recently, research related to agent-based decision-making in education has taken a big step 
forward. The book [1] focuses on Intelligent Tutoring Systems, which are one of the most common 
uses of agents in education for decision-making. 

Studies [2, 3, 4, 5] conducted a systematic review of the literature on the use of artificial 
intelligence in the educational process, in particular for decision-making. 

Study [6] proposes agent-based virtual and intelligent recommendations that require 
information about users' profiles and preferences to recommend the right content. They applied 
natural language processing (NLP) techniques and semantic analysis approaches to recommend 
course selection for e-learners and teachers.  

The content-based recommendation method provides content suggestions related to students' 
requests and preferences. The use of social media from an educational perspective makes it possible 
to provide a user-friendly interface for recommending the highest level of interaction in terms of 
collaboration between users and contacts [7,8,9]. 

The article [10] identifies the features of human and artificial intelligence decision-making along 
five key contingency factors: specificity of the decision space, ability to interpret the decision-
making process and results, size of the alternative set, speed of decision-making, and repeatability. 
Based on a comparison of human and artificial intelligence decision-making along these 
dimensions, the article creates a new framework that describes how both decision-making methods 
can be combined to optimally improve the quality of organizational decision-making.  

The authors of [11] propose future research directions in a triple perspective: key methodologies 
for Large Scale Decision Making (LSDM), AI, and data fusion for LSDM. 

In [12], the authors describe a meta-reasoning policy that can be implemented by a team of 
agents to make effective control decisions at the meta-level based on the availability of 
communication in the environment. The authors synthesize the meta-reasoning policy as a solution 
to the reactive synthesis problem involving the level of communication in the environment and the 
choice of the agent's algorithm. 

The authors of [13] argue that in a multi-agent environment, it is appropriate to ask what 
behavior the system will exhibit under the assumption that agents act rationally, following their 
preferences. They promote a paradigm of rational verification for multi-agent systems, as an analog 
of classical verification. The authors tried to automatically determine whether the given properties 
of a system, expressed in the form of temporal logic formulas, will be preserved in this system 
under the assumption that the system components (agent) behave rationally by choosing (for 
example) strategies that form a game-theoretic equilibrium. 

The article [14] aims to provide a comprehensive view of the relationship between agents and 
multi-agent systems (MAS) on the one hand, and logic-based technologies on the other, by making 
them the subject of a systematic literature review. The resulting technologies are discussed and 
evaluated from two different perspectives: MAS and logic-based. The paper lists the most common 
logic-based technologies (47 in total) for MAS, but only a relatively small number of them conform 
to major technology standards. 

Temporal logics have been widely used in model checking as a formalism for reasoning about 
the execution of computer systems. They are powerful enough to define most of the properties that 
can be verified by reactive systems, while also providing very efficient verification algorithms [15]. 
Temporal logic and model checking have had a major impact on computer science and have been 
applied in many industrial cases. Several attempts have been made to extend temporal logic to 
multi-agent systems where multiple components interact, for example, Computation-Tree Logic 
(CTL) can only express the existence (or not) of an execution of a global system with certain 
properties, where the goal is to quantify the possible behavior of individual components interacting 
in the system. In 1997, CTL was extended to Alternating-time Temporal Logic (ATL) with the 
introduction of strategy quantifiers. In ATL, strategy quantifiers express the existence (or not) of a 



behavior of one of the agents (or a coalition), so that any final execution in the global system 
satisfies this property. Study [16] is related to multi-agent logic and its application in computer 
science. The authors work with multi-agent logic based on relational models. They determine that 
time availability relations can have gaps or places of forgotten time. 

The authors of [17] study the problem of learning to satisfy temporal logic specifications with a 
group of agents in an unknown environment that can exhibit probabilistic behavior. From a 
learning perspective, these specifications provide a rich formal language with which to capture 
tasks or goals, while from a logic and automated verification perspective, the implementation of 
learning capabilities allows for practical applications in large, stochastic, unknown environments.  

The temporal logic of actions (TLA)  is a logic for specifying and reasoning about parallel 
systems. The systems and their properties are represented in the same logic, so the statement that a 
system conforms to its specification and the statement that one system implements another are 
expressed by logical consequence. TLA is very simple; its syntax and full formal semantics are 
summarized in about a page. Report [18] introduces TLA and describes how it is used to define and 
verify parallel algorithms. 

Education systems include a variety of components such as learning management, progress 
tracking systems, e-textbooks, etc. The challenge is to interact and integrate intelligent agents with 
these systems to ensure that they work together effectively. For a system to be successful, agents 
need to be able to quickly adapt to new requirements and change their behavior accordingly.  

Given these problems, further research and development of intelligent agents in the educational 
process is aimed at solving these issues, ensuring accessibility, flexibility, ethical use and 
involvement of all participants in the educational process. 

The aim of the work is to improve the quality of distance learning decision-making based on the 
analysis of video information about student behavior.  

To achieve this goal, the following tasks are solved: (i) to develop the model of an agent-oriented 
decision support system for distance learning; its components and their interaction; (ii) identify user 
needs based on the collected data and current trends in education; (iii) formalize the process of 
generating recommendations for teachers to support decision-making. 

3. The model of an agent-oriented decision support system for distance 
learning 

This paper proposes a system that integrates various components: a video surveillance subsystem that 
detects certain actions or circumstances that may indicate possible violations during e-testing [19]; a 
multi-agent system whose agents interact with the video surveillance system in real time [20], as well 
as analyze the collected data and provide recommendations; temporal logic to determine the logic of 
the system's response to various events and states in real time; a decision-making system that 
automatically responds to detected violations in real time; mechanisms for automatically responding 
to detected violations, such as sending notifications to administrators or teachers. 

To implement such a system we propose a model of an agent-based decision support system 
(AoDSS) for distance learning, which is a conceptual description of the architecture and principles of 
the system. This model uses the agent-based paradigm to optimize and improve the learning process 
in a remote format. In such a system, agents are key components that contribute to the organization 
and optimization of the learning environment. 

The proposed AoDSS model is represented as a set of: 

𝐴𝑜𝐷𝑆𝑆 =  𝑀𝐴𝑆, 𝑆𝐹 , 𝑆𝐵, 𝑆𝑆  , (1) 

where MAS  multi-agent system, SF  the client side subsystem (Frontend) is presented in various 
formats, which allows users to interact with the system AoDSS from various devices, SB  subsystem 
of the server part (Backend) Provides data processing and the ability to customize client applications, 
SS  a subsystem for synchronizing client and server parts. The multi-level architecture of an agent-
based decision support system for distance learning is shown in Fig. 1. 
 



 
Figure 1: Architecture of an agent-based decision support system for distance learning. 
 

The combination of the sequence diagram and the diagram of the system activities for the decision-
making process during distance learning to provide recommendations to the teacher and student is 
shown in Fig. 2.  

Actions performed by AoDSS participants are marked with rectangles. Consideration of the diagram 
begins with the registration of participants in the educational process on the server using the teacher and 
student interfaces contained in the client subsystem. 

Solid arrows show messages that are sent in any case, and dashed arrows show messages exchanged by 
agents whose sending depends on a condition. 

Types of messages used between agents: cfp - used for announcing the task; propose - used for making a 
proposal; inform - used to indicate completion of the task. 

 

 
Figure 2: The combination of the sequence diagram and the activity diagram reflects dynamic aspects 
of AoDSS behavior. 



3.1. Multi-agent system 

In formula (2), a multi-agent system is represented as a set of three components: 

𝑀𝐴𝑆 = {𝐴𝑔, 𝐴𝑐𝑡, 𝐸𝑛𝑣}, (2) 

which consists of a set of program agents Ag = {AgStud, AgLect, AgAnal, AgSyst, AgSurvey }, that operate in the 
environment Env, where AgStud  student agent monitors the activity and academic progress of students, 
collects data on completed assignments, tests, and other information for further analysis; AgLect  the 
teaching agent monitors courses, assignments, and student feedback, generates recommendations for 
improving materials and teaching methods to enhance teaching and decision-making in the educational 
environment; AgAnal  the data analytics agent is responsible for processing and analyzing data collected 
from students and teachers, identifying patterns, trends, and important connections to support decision-
making; AgSyst  the system agent manages the interaction between other agents, distributes tasks, ensures 
the continuity of the system and coordination of processes; AgSurvey   the survey agent sends questionnaires 
to users, collects responses and stores them in the database; Act ={AStud, ALect, AAnal, ASyst, ASurvey }  set of 
actions of agents (Ai=ai

1, ai ai
n; i=Stud, Lect, Anal, Syst, Survey); Env= {𝐸Mn,  𝐸Md, 𝐸Un}  a set of states of 

the environment of Student behavior monitoring subsystem (𝐸Mn),  the environment of  LMS Moodle (𝐸Md)  
and the environment of University Web portal (𝐸Un), (𝐸𝑗 = {𝑒1

𝑗
, 𝑒2

𝑗
, … , 𝑒𝑚

𝑗
}, 𝑗 = (𝑀𝑛, 𝑀𝑑, 𝑈𝑛)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅). 

Agents are described by functions 𝐴𝑔𝑖: 𝑓i(𝑒𝑛𝑑𝑒𝑑 𝑤𝑖𝑡ℎ 𝑒𝑢
𝑖 ) → 𝐴𝑖, (𝑢 = 1, 𝑚)̅̅ ̅̅ ̅̅ ̅. The set of all agent's 

runs in an environment is the behavior of the agents 𝐹(𝐴𝑔, 𝐸𝑛𝑣). 
Agent functionality AgStud includes: 
● Data collection and analysis 

𝑌𝑎 = [
𝑦11

𝑎 … 𝑦1𝑚
𝑎

… … …
𝑦𝑛1

𝑎 … 𝑦𝑛𝑚
𝑎

], 

,N; N  is the number of students enrolled in the m-th discipline of the curriculum (m  M), M  
number of disciplines in an academic semester) on student attendance and activity during classes 

● Analysis of the collected data 

𝑌𝑘 = [
𝑦11

𝑘 … 𝑦1𝑚
𝑘

… … …
𝑦𝑛1

𝑘 … 𝑦𝑛𝑚
𝑘

] 

to determine the student's level of knowledge (the number of points at the current moment of the 
discipline m) and to identify weaknesses in their understanding of the material. 

● Training a model based on new data obtained from student data 
YStud ={ 𝑌𝑎 , 𝑌𝑘}. 

Agent functionality AgLect  includes: 
● Collecting and aggregating various data, such as student grades, course activity 

𝑌𝐿𝑒𝑐𝑡 = {min
𝑦𝑖𝑚

𝑎
𝑌𝑆𝑡𝑢𝑑, max

𝑦𝑖𝑚
𝑎

𝑌𝑆𝑡𝑢𝑑 , min
𝑦𝑖𝑚

𝑘
𝑌𝑆𝑡𝑢𝑑, max

𝑦𝑖𝑚
𝑘

𝑌𝑆𝑡𝑢𝑑, …}. 

● Use of analytical methods and algorithms to identify useful connections, patterns, and trends in 
the accumulated data YLect, YStud . 
● Based on data analysis YLect, YStud the agent creates individual recommendations on teaching 
methods, selection of materials, creation of additional explanations and examples to improve 
students' understanding of the material of the course organization [21].  
● Tracking student attendance and impact on the effectiveness of the learning process, as well as 
providing appropriate feedback. 
Agent functionality AgSurvey   includes: 
● Sending out questionnaires: ASurvey(send)=fsend , where Users - a set of 
users (students and teachers), Survey - a questionnaire, fsend(Users,Survey)  the function of sending 
questionnaires to users. 
● Collecting responses: ASurvey(collect)=fcollect , where SurveyResponses 
={x1, x2   answers to the questionnaire, CollectedData - collected data, fcollect(SurveyResponses)  
function of collecting answers to questionnaires. 



● Saving answers in the database: ASurvey(store)=fstore(CollectedData,Database), where Database - database 
to store the collected data, fstore(CollectedData,Database)  the function of saving the collected data in 
the database. 
Agent functionality AAnal  includes: 
● Processing of collected data: AAnal(process)=fprocess , where ProcessedData 

 processed data, fprocess(CollectedData)   function of processing the collected data. 
● Data analysis: AAnal(analyze)=fanalyze , where Insights - Identified patterns and 
trends, fanalyze(ProcessedData)  function of analyzing the processed data. 

● Generating recommendations: AAnal(recommend)=frecommend , 
where Recommendations  recommendations for decision-making, frecommend(Insights)  function of 
generating recommendations based on data analysis. 
Agents AgSurvey and AgAnal have clearly defined functional responsibilities and interact to collect, 

process, and analyze data that helps to make decisions in the distance learning system. 

3.2. Modeling agent decisions 

At the abstract level, agents have four properties - knowledge, goals, conditions, and actions - where 
knowledge is provided through a simulator of the roles of scenario developers, lecturers, and students 
participating in distance learning.  We developed a simulator to model the scenario. Simulator 
constructs are used to emulate the actions of lecturers and students. The simulator provides the user 
with a level of abstraction that exactly matches the domain problem description and eliminates 
unnecessary overhead of customizing frameworks and writing technical code for a specific 
application. In this interpreter, we use 10 key concepts necessary for modeling a decision-making 
scenario in distance learning, which are presented in the ontology in Fig. 3.  

 
Figure 3: Ontology of concepts for the scenario of providing recommendations for improving the 
quality of education. 

 
1 Scenario. The following types of scenarios have been implemented: generating real-time 

suggestions for the teacher to control the completion of tasks during exams or e-testing; monitoring 
the mastery of educational materials by students during the semester with the possibility of changing 
the learning path; parents' control over the presence of their children in online classes; and analyzing 
the satisfaction of using the online platform. 

The main properties of the scenario are defined: Name is used to define the name of the event 
within which the scenario will be executed. Start date: a date value that indicates the start date of the 
scenario in the format dd.mm.yyyy. End Date: A date value that indicates the end date of the scenario 
in the format dd.mm.yyyy. Start time: a time value that indicates the start time of the scenario in 24-
hour format: h:min. End time: a time value that indicates the end time of the scenario in 24-hour 
format: hh:min. Goals: A list of all goals of the scenario. Agents: A list of all agents active during the 



scenario. Rules: A list of all the rules to be followed in the scenario. Teams: A list of all the teams 
involved in the scenario. 

2. Web portal. Concepts Web portal is used to determine the site of the educational institution that 
is present in the scenario. It has the following properties: Public IP address. User accounts with the 
following properties: Username, Password, User ID, Groups in which the user is present, Home 
indicates the user's home folder. 

3. LMS. Concepts. LMS is used to define the online learning platform that is present in the scenario. 
It has the following properties: Public IP address. User accounts with the following properties: 
Username, Password, User ID, Groups in which the user is present, Home indicates the user's home 
folder. 

4. Service. Services are used to make the scenario more realistic. 
5. Challenge. The term Challenge is used to represent an exercise or task that needs to be 

completed. It has the following properties: Prerequisites - a list of other challenges that need to be 
completed before you can access the current task. 

6. Team. The concept of a team is used to define the role of participants in the learning experience. 
Teams consist of lecturers or students who try to overcome challenges presented in a scenario. It has 
the following properties: Type is used to define the type of team, i.e. lecturers, students, or parents. 
Members contains the contact information of each team member. 

7. Agent. Agents are used to automatically perform specific tasks in training. It has the following 
properties: Type is used to define the type of agent, such as student agent, teaching agent, etc. 

8. Phase. The scenario can be broken down into several phases, for example, monitoring behavior, 
controlling attendance, providing recommendations, etc. It has the following properties: Type is used 
to define the type of phase, such as start, middle, and end. Scenario goals for a particular phase. 
Scenario rules for a particular phase. Agent  a list of agents that depend on the phase. 

9. Objectives. A description of the scenario objectives that must be met to successfully complete the 
scenario. A scenario can have one or more objectives depending on the complexity of the scenario. 

10. Rules. Rules contain information for commands in a scenario, for example, "Use of mobile 
devices during the exam is prohibited." It has the following properties: Type is used to specify the type 
of rule, such as allowed or denied. Text contains the rules of the scenario in text format 

Temporal logic is important for analyzing and managing temporal aspects in systems where 
various events and processes occur over time. Therefore, we will create a formal specification of 
agents using temporal logic for decision making in distance learning. This approach allows us to 
create accurate and systematic models of agents and their behavior in a virtual learning environment. 
The formalization of agents and their behavior allows you to ensure the quality of learning and 
optimize the process, which is especially important in distance learning. 

Formulas in temporal logic express relationships between events, states, or properties of objects at 
different points in time. To create formulas, we use: 

• Logical operators. Temporal logic uses logical operators such as AND, OR, NOT, IMPLIES, EQUIV 
to build complex expressions from basic temporal or logical statements. 
• Temporal operators. Temporal logic has its own temporal operators, such as "Next" (N), "Until" 
(U), "Eventually" (F), "Always" (G), which are used to express relationships between events at 
different points in time, operator "Release" (R) indicates that the event it wraps will be true until 
the second event occurs. 
• Parameterization. Formulas can contain parameters that depend on a specific context or system 
conditions. This allows you to generalize formulas and ensure their use in different scenarios. 
• Quantifiers. Tem
general or existing relationships between events. 
• Diamond. Operator  is used to express the possibility of an event in the future, i.e. "sometime 
in the future"; the operator  which expresses the obligation or necessity of an event in the 
future, i.e. "later in the future it will be true". 
• Event and state identifiers. Formulas can contain identifiers of events, states, or object properties 
that are used to describe temporal aspects and their relationships with system states. 
• Actions and events. Formulas can include a description of actions, events, or observations that 
occur in the system and their impact on the states and properties of the system over time. 



• Relationships to other logical and mathematical systems. Formulas in temporal logic can use 
constructs and concepts from other logical and mathematical systems to further express temporal 
properties. 
One approach is to use a formal language such as Linear Temporal Logic (LTL) to define temporal 

logic rules. LTL expressions include time operators that allow you to express conditions and state 
changes over time. 

A rule for detecting misbehavior over time, i.e., if there is a moment in time when misbehavior is 
detected, then the agent should respond: 

 
A rule to check for misbehavior at a certain frequency, i.e., if misbehavior is detected during each 

"Period" of steps, then the agent should react: 
⋃ 

(every_n_steps(Period)). 
The rule for the appeal period, i.e.: "There is a point in time when the breach notification was sent, 

and this event is true until the appeal response is received." 
 

A rule to prohibit the use of aids, i.e. if a student has used aids, the agent must block the test: 
 

The rule for applying warnings, i.e. if a violation is detected, the agent must send a warning: 
 

For the formal specification of agent-based decision making in distance learning, we use the formal 
description language TLA+ (Temporal Logic of Actions). TLA+ allows modeling and formalizing 
systems with temporal aspects, and helps to express and verify the properties of specific systems, 
including distributed systems and algorithms.  

This specification language allows you to formally define systems, taking into account their logic 
and dynamics. This helps to avoid misunderstandings and allows you to accurately define the 
expected behavior of the system. 

The formal specification of an agent-oriented decision support system for distance learning is 
given by the following formulas:  

◇(Unlawful_Behavior) 

◇(Unlawful_Behavior) U (every_n_steps(Period)) 

◇(Sent_Notification_of_Violation) R ◇(Received_Appeal_Response) 

◇(Used_Auxiliary_Tools) → ◇(Block_Test) 

◇(Violation_Detected) → ◇(Send_Warning) 

G (time = 0 → (testQuestions = <<q1, q2, q3>> ∧ studentAnswers = <<>> ∧ 

teacherRecommendations = <<>> ∧ violations = <<>> ∧ appeals = <<>>)) 

G (time < MaxTime → (∃ student ∈ DOMAIN(studentAnswers): X 

(studentAnswers[student][time'] = CHOOSE answer ∈ testQuestions))) 
G (time = MaxTime → X GenerateTeacherRecommendations) 

G (GenerateTeacherRecommendations → (CheckForViolations ∧ CheckForAppeals ∧ 
CheckForWarning)) 

G (CheckForViolations → (violations' = ...)) 

G (CheckForAppeals → (appeals' = ...)) 

G (CheckForWarning → (IF violations' > WarningThreshold THEN 

teacherRecommendations' = AppendWarning(teacherRecommendations) ELSE 

teacherRecommendations' = teacherRecommendations ENDIF)) 

G (AppendWarning(recommendations) → (teacherRecommendations' = 

Append(recommendations, "Warning"))) 

G (AppealDecision → (∃ appeal ∈ appeals: (IsValidAppeal(appeal) ∧ 
ProcessAppeal(appeal)))) 

G (WarningDecision → (IF violations > WarningThreshold THEN teacherRecommendations' 

= AppendWarning(teacherRecommendations) ELSE teacherRecommendations' = 

teacherRecommendations ENDIF)) 

 

Thus, the generation of agent behavior formulas is based on the analysis of the Moodle Platform, 
University Web portal and Student behavior monitoring subsystem, the identification of important 
events and their relationships over time, and the selection of appropriate temporal operators to 
express the desired temporal properties of the system. 



3.3. Recommendation subsystem 

To solve the urgent problems of each of the participants in the educational process, a subsystem for 
assessing student and teacher satisfaction has been developed. This approach allows for effective 
management of internal learning processes in an educational institution.  The implementation of the 
subsystem for assessing student satisfaction using the online platform consists of the following stages. 

Stage 1: Set the goal of increasing student and faculty satisfaction to a certain level. To measure 
satisfaction, we define key performance indicators (KPIs) (Table 1). 

Table 1 
Criteria for evaluating the effectiveness of e-learning 

Factors Features Description 

Student 

x1 Convenience of the interface 
x2 Availability of materials 
x3 Quality of support 
x4 Overall impression 

 
Teacher 

x7 The quality of teaching 
x8 Support of teachers 
x9 Interactivity 
x10 Professional development 

 
Educational 
institution 

x11 Infrastructure 

x12 Support and management 

x13 Funding 
x14 Academic results 

 
Discipline 

x15 Content relevance 
x16 Teaching methods 
x17 Practicality 
x18 Adaptability 

General 
evaluation 

criteria 

x19 Usability (ease of use) 
x20 Efficiency 
x21 Cost-effectiveness 
x22 Security 

 
We develop questionnaires with questions that cover all aspects of using the platform. This 

questionnaire includes both closed and open-ended questions, which allows us to obtain both 
quantitative and qualitative data on student satisfaction with the online platform. 

Stage 2. The online platform Google Forms was chosen for the surveys. 
Questionnaire processing consists of collecting responses, processing data, analyzing results, and 

preparing a report.  
Questionnaire processing algorithm: 
Step 1. Placement of the questionnaire: Publish the questionnaire on an online platform or send it 

out by email. Set a deadline for submitting responses. 
Step 2. Data collection: Saving all answers in a single database or spreadsheet. 
Step3. Data preparation: Exporting the collected responses to a format convenient for processing 

(CSV or Excel). Checking the data for completeness and correctness. 
Step 4. Categorization of answers: Dividing data into categories according to the questionnaire 

questions. 
Step 5. Calculation of quantitative indicators: For closed-ended questions (scoring on a scale from 1 

to 5), calculate mean, median, mode, and other statistics. Build graphs and charts to visualize the 
results. 

1. Calculation of quantitative indicators: For closed-ended questions (scoring on a scale from 1 to 
5), calculate mean, median, mode, and other statistics. Build graphs and charts to visualize the results. 

2. Analysis of open responses: Analyzing open-ended responses to identify key themes and 
trends. Build word clouds or other visual representations to help interpret the results. 



3. Interpretation of quantitative data: Identify key trends and problem areas based on the 
calculated statistical indicators. Comparison of results between different groups (e.g., among students 
by age, course, etc.). 

4. Interpretation of qualitative data: Identification of the main topics and problems mentioned by 
participants in open-ended responses. Assessment of the general mood and tone of the answers. 

5.  Preparation of the report: Prepare a report that includes key findings from the data analysis. 
Include graphs, charts and other visuals to illustrate the results. 

6. Recommendations: Developing recommendations based on the results to improve the online 
platform. Identification of priority areas for implementation of changes. 

7. Communication of results: Presentation of the report to the stakeholders (school 
administration, teachers, technical support). Publishing a summary of the main results for 
participants. 

Create the file survey_responses.csv (Table 2), which will contain the survey data, containing 
columns that correspond to the survey questions. 
 
Table 2 
An example of a survey_responses.csv file that will contain student survey data 

Interface 
usability 

Material 
accessibility 

Support 
quality 

Overall 
satisfaction 

Liked 
elements 

Improvement 
suggestions 

Support 
comments 

General 
feedback 

4 5 3 4 Easy to 
use 

Add more 
features 

Good support Overall 
satisfied 

3 4 2 3 
User-

friendly Improve speed 
Average 
support 

Needs 
improvement 

5 5 4 5 Intuitive 
design 

More tutorials Excellent 
support 

Very satisfied 

 
This file contains data from the survey, where each row represents the response of one survey 

participant to different questions. Each column corresponds to a specific question or aspect that was 
rated by the participants on a scale from 1 to 5, where 1 is very bad and 5 is very good. 

This data will be used to analyze user satisfaction and identify areas for product or service 
improvement (Fig. 4). 

These graphs help to understand how users perceive a product or service and identify possible 
areas for improvement. 

The result (Fig. 5.a) shows a statistical description of the survey data of students and teachers by 
several parameters. Each row of the table represents different statistical metrics for each parameter 
(each column) of the data. 

Figure 5.b shows the Correlation Matrix to show the relationship between the different survey 
questions. The cells show the correlation coefficients between pairs of questions.  

The color scale shows the strength of the correlation, where warm colors (red) indicate a positive 
correlation and cold colors (blue) indicate a negative correlation. High positive values (close to 1) 
indicate that when one question has high scores, the other question tends to have high scores as well. 
High negative values (close to -1) indicate an inverse relationship.  

 
Figure 4: a) The interface_usability graph shows the distribution of user ratings on the interface 
usability scale. b) The material_accessibility graph shows the distribution of material accessibility 
scores. c) The support_quality graph shows the distribution of support quality scores.  



 
Figure 5: a) Statistical description of the survey data of students and teachers. b) A correlation matrix 
that shows the degree of linear dependence between the questions of the student survey. 
 

Each element of the matrix is a correlation coefficient between two questions. For example, if the 
value in the student correlation matrix is 0.87 in the position (1, 2), it means that the answers to the 
first question have a strong positive linear relationship with the answers to the second question. 

The correlation matrix helps to identify which aspects of the survey can be interrelated, which can 
be useful for further analysis and decision-making. 

Part of the report contains recommendations for further improvement of the product or service for 
students: (i) improve user interface; (ii) enhance accessibility of educational materials; (iii) optimize 
technical support. 

Based on the data analysis, the following recommendations were made for teachers: (i) Improve 
support for technical and methodological issues  If the average value for this criterion is less than 4, 
technical and methodological support for teachers should be improved. (ii) Enhance opportunities for 
interactive interaction with students - If the average value for this criterion is less than 4, you need to 
increase opportunities for interactive interaction with students. (iii) Provide more options for 
professional development  If the average value for this criterion is less than 4, more opportunities for 
professional development of teachers should be provided. 

Based on the analysis of the results of the survey of teachers on their satisfaction with the use of 
the online platform, several main areas for improvement can be identified: 

1. Increase the efficiency of using electronic resources for teaching. According to the survey, 
teachers evaluate the effectiveness of the use of electronic resources for teaching with an average of 4 
out of 5 points. This shows overall satisfaction, but also indicates that there is room for improvement. 
Recommendations: Simplify navigation and access to materials. Add the ability to create interactive 
learning materials (e.g., interactive presentations, video tutorials with interactive elements). Introduce 
new test formats and automatic tools for assessing students' knowledge. 

2. Support for teachers in the use of e-learning systems. Technical and methodological support 
received an average score of 4 out of 5, which indicates a sufficient level of satisfaction, but also points 
to the need for improvement. Recommendations: Provide round-the-clock technical support through 
various channels (chat, phone, email). Regularly conduct trainings on how to use the platform, 
including new features and best practices. Provide an opportunity to order individual consultations to 
solve specific problems. 

3. Expanding opportunities for interactive interaction with students. Opportunities for interactive 
interaction with students are rated 4 out of 5, which shows the need for additional features to improve 
interaction. Recommendations: Introduce additional tools for video conferencing, interactive forums 
and chats. Expand feedback opportunities, for example, by adding the ability to conduct surveys and 
questionnaires in real time. Introduce gamification elements to increase student motivation. 

4. Assessment of opportunities for professional development of teachers. Opportunities for 
professional development through the use of e-learning systems received an average score of 4 out of 
5, which indicates the need to expand such opportunities. Recommendations: Introduce professional 
development programs that include courses, webinars, and the possibility of obtaining certificates. 
Create a platform for the exchange of experience and best practices among teachers. Introduce a 
system of incentives for participation in professional development programs. 

The results of the survey show the overall satisfaction of teachers with various aspects of e-
learning, as the average scores are at the level of 4 or higher. 



4. Conclusion 

The article proposes an agent-based method for improving the efficiency of e-learning, which consists 
of the following stages: 

Stage 1: Analysis and preparation. The main goals of the system are identified: improving learning 
efficiency, automating processes, increasing student and teacher satisfaction. The requirements for the 
system from users: teachers, students, and the administration of the educational institution are 
identified. The existing distance learning systems and their limitations were analyzed and modern 
technologies and methods that can be used in agent-based systems were investigated. 

Stage 2. System design. The main components of the system were identified: a video surveillance 
subsystem, a multi-agent system, and a decision-making system. The architecture of interaction 
between the components was designed. The types of agents (AgStud, AgLect, AgAnal, AgSyst, 
AgSurvey) and their roles in the system were defined, and the functionality of each agent was 
determined: data collection, analysis, and recommendation generation. The algorithms of agents' work 
are described. The process of generating recommendations for teachers and automating responses to 
events is formalized. 

Stage 3. Development and implementation. Program modules for each of the agents were 
developed and integrated into a single system. A video surveillance subsystem was implemented to 
monitor student behavior during classes and algorithms for recognizing events and anomalies were 
set up. Functional testing of each component of the system was carried out. Integration testing was 
performed to ensure correct interaction between the components. 

The proposed agent-based method for improving the efficiency of e-learning is a comprehensive 
approach that covers all stages from requirements analysis to continuous system improvement. The 
use of intelligent agents allows automating the processes of monitoring, analysis, and decision-
making, which contributes to improving the quality of education and increasing the satisfaction of 
students and teachers. 
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