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1. INTRODUCTION

ontinuous progress in technology and the move to digital platforms are changing how people

live, work, and communicate. That causes significant changes in how higher education insti-
tutions (HEIs) work. One of the most important jobs of HEIs is to create knowledge that helps
develop new technologies and social innovations. Because of this, HEIs are increasingly using
advanced technology to improve their main activities, such as teaching and learning, research,
and working with businesses and society.

Every day, HEI information systems create and collect large amounts of data. However, this data
is not used well enough to create knowledge and insights that could improve the quality of HEI
processes. Machine learning (ML) is a part of artificial intelligence (AI) that helps process data
from HEI information systems faster and more accurately. Machine learning enables computers
to autonomously acquire knowledge and adjust their behavior. Key areas of using machine learn-
ing in higher education so far include mining student performance and enrollment data (Romero
& Ventura, 2010; Goyal & Vohra, 2012). According to Alzubi et al. (2018), the main focus is on
instructing computers to adapt their behaviors to maximize the probability of achieving the intended
goal, as measured by the frequency of success. The increasing popularity of ML can be due to
its exceptional precision, rapid processing time, and extensive selection of accessible approaches
and algorithms that can be utilized for classification or regression problems (Nieto et al., 2019).
The fundamental advantage of machine learning (ML) is its capacity to create models that may

be incorporated into decision-making processes (Al-Kmali et al., 2020).
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Over time, many ML methods and algorithms (Joldi¢ et al., 2023) and software solutions that use
them have been developed. However, choosing the right method and algorithm is often difficult for
both statisticians and data scientists. For regular users, this can be a barrier to using ML. Creating an
intelligent agent that is part of the HEI information system and helps users select the right ML method
and algorithm could significantly improve the use of machine learning in daily analysis. The intelligent
agent, called LANA (short for Learning ANalytical Agent) and with Adaptive Labeling Framework
(ALF), is introduced in this paper. It focuses on higher education processes and can be integrated with
HEI information systems. In the paper, two phases of the LANA agent development are presented.

2. FIRSTPHASE
2.1. Methodology in the Prototype Phase

This section describes the construction of the prototype LANA and how methods were selected
(Bijedic et al., 2024). Selection process criteria: Choosing a method for factors that matter:

*  Aligning the method with the nature of the data,

. Veritying if the results were statistically valid,

*  Quantify the time and space the method required,

. Considering user feedback regarding the relevance and importance of the results.

These ensured that the methods chosen, which worked and demonstrated correctly — were limited
to different questions and user needs.

Labeling System: To make the selection process easier, both queries and algorithms were labeled.
This system helped match specific questions with the best methods.

Example of Query: One example of a possible query was predicting how well a student would
perform in second-semester subjects. This prediction was based on their first-semester results.

Implementation Details: Microsoft ML.NET was used to build models for the prototype. These
models used binary classification and regression algorithms.

Table 1. Metrics of Binary Classification and Regression algorithms with user ratings scores

Method type Area Under the Precision | Time | Memor

Binary Cﬁ)ssification Accuracy Flscore Recall Curve (ms) (bytes)y User 1| User 2
1. LbfgsLogistic 85% 83% 85% 386| 290616| 79%| 69%
2. AveragedPerceptron 83% 78% 84% 77| 187544 77%| 88%
3. Prior 61% 0% 57% 43 2024 34%| 98%
4. SdcaLogisticRegression 84% 82% 84% 277 302488 78%| 74%
5. SdcaNonCalibrated 84% 82% 84% 190 209184| 78%| 82%
6. SgdCalibrated 84% 82% 84% 61 37440 78%| 96%
7. SgdNonCalibrated 84% 82% 84% 47 89672 78% | 94%
Method type Mean Squared Time | Memor

Regressioyrf) R-Squared Erlf})r (ms) (bytes)y User 1| User2
1. FastForest 0.55 5.265 990 442880 65%| 60%
2. FastTree 0.45 6.480 501 | 363096 51% |  50%
3. Gam 0.53 5.557 S8 1285152 62%| 70%
4. LbfgsPoissonRegression 0.46 6.344 98| 159048 51%| 80%
5. LightGbm 0.48 6.174 181 962208 | 53%| 85%
6. OnlineGradientDescent 0.49 6.035 39 4016 54%]| 99%
7.Sdca 0.52 5.678 112 255392 62%| 67%

Source: Bijedic et al. (2024)
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The system worked within the limits set by system users. It focused on using less time and memory
while still giving accurate answers to educational questions.

Table 1. presents Binary Classification and Regression algorithm metrics with user rating scores.
“Time” denotes the execution time of the algorithm in milliseconds for a training set of 1000
students. “User 1” and “User 2” represent user ratings of the usefulness of the results based on
their personal preferences. User [ is rated based on result accuracy, while User 2 is rated based
on accuracy and resource consumption (execution speed and memory usage).

The results in Table 1 illustrate the compromises among accuracy, computational efficiency, and
user satisfaction. Although certain algorithms achieved better accuracy, they necessitated increased
processing time and memory, thereby affecting user preferences.

2.2, Limitations of the Prototype Approach

The prototype had some problems that made it less flexible and efficient. The system could only
use binary classification and regression methods. It did not support other types of analysis, such
as clustering or ranking. Also, the number of available queries was fixed, so users could not use
different types of questions. The method selection process was static and required manual testing.
Because of this, it was hard to make the system bigger and more efficient. The system did not have
automatic selection, so every method had to be chosen manually. The prototype did not adapt to
different users. Users could not make it change based on their wants. You could give feedback,
but the system didn’t use it well and didn’t get better based on what happened in the past.

Advanced features could not be used with this setup. It didn’t evaluate methods in multiple ways,
so it couldn’t compare them differently. The system made it hard to change the results for different
jobs, and the way they were shown wasn’t perfect.

3. SECONDPHASE OF LANA AGENT DEVELOPMENT
3.1. LANA Adaptive Labeling Framework (ALF)

The LANA Adaptive Labeling Framework (ALF) was created to fix the issues mentioned in the
previous section of this paper - which represents the first phase - the prototype phase. The prototype
was suitable for basic tasks, but it was limited. It couldn’t handle many types of analysis and wasn’t
flexible for different user needs. ALF is smarter and can adapt to what users want. This section
explains the theoretical ideas behind ALF, how it works, and why it’s better than the prototype.

3.2. Theoretical Foundations and Introduction of ALF

The main idea of ALF is dynamic labeling. Every query and method in the system gets labels,
like tags, as shown in Figure 1. Usually, when extracting information from the existing data, one
has to deploy database admins, statisticians, analysts, etc. ML methods for data analysis on the
higher level of hierarchy are placed in the middle of the LANA agent, while algorithms that exist
for those methods are on the lower. Then, the purpose of data queries is considered, so a top-level
hierarchy of the methods is added; in this case, it is the general division of ML methods into
descriptive, prescriptive, and predictive methods.

For example, a query might have labels like “fast result” or “uses numbers.” Methods also have
labels, like “accurate but slow.” These labels help ALF match the best method to the query.
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academic research

Figure 1. Multi-Agent System Architecture: Interaction Between Environment, Agents, and
Methods in the LANA Framework

Source: Author’s preparations

ALF uses neural networks to make decisions. ALF also learns from user feedback. If a user likes
a method, ALF remembers and improves. If a method doesn’t work well, ALF learns not to use it
again for similar tasks. One big idea in ALF is adaptation. The system can change based on the
task or user. For example, if a user needs fast results, ALF will focus on speed. If accuracy is more
important, ALF will choose slower but better methods.

The environment’s influence on the agent should be reflected in the hierarchy of label attributes,
with environment-related attributes at the top. These attributes could be purely qualitative (accepted/
rejected) or include weights to better mimic real-world complexity, accounting for unforeseen factors
and interactions. When attributes are weighted, the intelligent agent (IA) should learn thresholds to
determine which methods work best in different situations.

As you go down the hierarchy, attributes should describe internal software product features, like
the [A’s available methods. These ways of doing things can be called categorical, weighted categor-
ical, or numerical. Method accuracy is one of the most important qualities, but other qualities, like
adaptability or efficiency, also play a part.

Important things to consider when choosing a method are:

. Methods can be used for more than one thing, and algorithms made for one task can also work
well for other tasks.

. Correctness: The method should match the task and the more general characteristics.

. Relevance: You should consider adding more classifications specific to the task.

For this to work, methods must have complete metadata organized in a hierarchy. That information
should be kept in a database to be used as the list of methods grows. Use-case diagrams should show
intelligent agents as actors and show how they interact with each other. Because agents have to add
or remove links based on their usefulness, this process may change the architecture of the software.
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3.3. Architecture of ALF

As shown in Figure 2, ALF has the following units which are connected as parts that work together:
The diagram shows the cardinality between a university department, users, queries, algorithms,
and methods interacting with user requirements.

[” "LANA Adaptive Labeling Framework | University Department
— |
University Department : J— I
1.1
[ | !
| . QUERY PROCESSING UNIT |
User | Y (Label Assignment) |
] T3 | ¥ I
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- | | -
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11 | ‘\ DATA PROCESSING UNIT | | vser
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| %" (Dynamic tables) |

Figure 2. Architecture of the LANA Adaptive Labeling Framework and its interaction

with University Departments and Users
Source: Author’s processing

The following sections describe each unit of the ALF architecture in detail, explaining their roles
and interactions within the system.

THE QUERY INPUT UNIT - This is where the user type or uploads questions. A teacher
might ask, “Which students do you think will fail next semester?” It then moves the query
on to the next step by itself.

UNIT FOR QUERY PROCESSING (Assigning Labels) - In this part, “labels” are used to
describe the question. Some labels that might come up for a query like “Group students for
projects” are “clustering task” and “needs quick results.” It can figure out what the user
wants with the help of these labels.

METHOD AND ALGORITHM SELECTION UNIT - A neural network selects the method
and the best three algorithms for the method chosen using previous user feedback.

UNIT FOR PROCESSING DATA - This is where the system processes the data. For instance,
if the task is to guess how well a student will do in school, it looks at grades or attendance
records using the chosen method.

VISUALIZING THE RESULTS - Results are shown in charts and graphs that are easy to
understand. For instance, the user (teacher) might see a bar chart that shows which students
are likely to fail.

UNIT FOR PROCESSING FEEDBACK - Users can give feedback once they have the results.
For instance, if a user (teacher) provides feedback, “these results are accurate, but useless
for me” or “not organized result”. The data are serialized using Dynamic Table Method,
where the database store is self-organized for storing feedback.

3.4. Personalization Features for Different Users and Tasks

The second phase includes a set of personalizing key features as new ALF enhancing methods.
It is focused on the following user feedback inputs:
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Table 2. Personalization types with user feedback inputs

Personalization by User Type:
» Teaching Staff: The agent uses methods optimized for accurate predictions, helping teachers identify
students who need extra support.
* Students: Focus is on visualizing results for example students or other non-expert staff - making it
easier to understand their progress and areas for improvement.
Personalization by Task Type:
* The type of query affects some of the following features
— Predicting Student Success: Some methods that analyze past performance to forecast future
outcomes.
— Study Completion or Dropout Rate: More focus on KPIs like attendance, grades, and engagement to
estimate the likelihood of a student completing their studies.
Personalization by Goals and Preferences:
* The IA user can choose what is most important for their task:
— Speed vs. Precision: Faster methods for quick results (very often useful or more accurate methods for
detailed analysis.
— Cost Efficiency: Methods that use fewer resources while still delivering reliable results.
Personalization by Analysis Complexity:
» The agent system checks the complexity of the task:
— Quick, Simple Results: Uses methods like regression or decision trees for straightforward tasks.
— Complex, Hidden Rules: Employs advanced techniques like deep learning for tasks requiring very
high GPU calculation.
Personalization for displaying Method Result:
 The output results are visualized in a way that fits the user's needs:
— Different Levels of Detail: From high-level summaries reports to in-depth reports — with additional
attachments.
— Customized Visualizations results: Charts, graphs, or other heat maps are used according to user
preferences.

MOVAAIIA 4dSn

Source: Author’s processing

This degree of customization guarantees that the system satisfies the particular requirements of
every task and user. The system adjusts to provide the best outcomes, whether a teacher is searching
for precise forecasts or a student is investigating trends.

4. CONCLUSION

The development of ALF is a big step toward creating smarter, more advanced, adaptive systems
for higher education. Early results from the prototype and new ALF model extension have shown
how intelligent agents can improve decision-making by better method selection and personalization.

The following steps of further long-term research include:

1. Enhancing ALF’s implementation: Continue the second phase implementation with test-
ing models (Functional Testing, Validation of Recommendation Accuracy, Accuracy and
Adaptation Based on Feedback, Adaptability to Different User Needs)

2. Comparing ALF with the prototype: We’ll test both systems side by side to see how much
ALF improves performance.

3. Exploring new dimensions for labeling: Adding more label methods and adapting to com-
plex queries and user needs.

4. Expanding personalization features: It is planned to extend ALF for different user groups,
like students, teachers, and administrators.

5.  The ability to add new algorithms and datasets: ALF will be capable of adding new tools
and types of data dynamically in pursuit of long-term objectives.
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6. Automation of new queries: The new implementation will support the automatic attach-
ment of new questions to the system — a new potential for expansion and assimilation without
additional effort.

Ultimately, ALF is a tool built to address current method selection bottlenecks that will lead to
more intelligent, user-centered solutions for higher education in the future.

The further plan is to enhance the LANA agent by incorporating advanced feature engineering
techniques and natural language processing methods to analyze query characteristics outlined in
this paper, enabling it to select the most reliable algorithms based on accuracy, user preferences,
and resource costs for the new queries based on experience of query similarity and user feedback.
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