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Abstract: E-leaming has emerged as one of the 
advanced and efficient methods of education, 
especially during the ongoing pandemic. While many 
learning platforms have integrated recommender 
systems to aid learners in understanding and 
improving their skills, it has been observed that this 
approach alone may not be sufficient for optimal 
learning outcomes. Therefore, this paper proposes a 
unique method and algorithm inspired by bird swarms 
to recommend an efficient learning path for learners. 
The effectiveness of the proposed model was 
evaluated using nearly three hunired and ninety-five 
student records, and qualitative evaluation metrics 
were used to assess its performance.
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1. Introduction

Education is widely regarded as one of the most 
powerful tools available to individuals. It provides 
learners unique insights and helps them develop new 
ideas and personal improvements. Additionally, 
learning is a lifelong process, with no limitations or 
particular criteria for acquiring knowledge-it can 
occur anywhere and at any time.

It is widely recognized that individuals leam fi-om 
their experiences, which may be either positive or 
negative, with the latter referred to as reinforcement 
learning [21]. As per behavior psychology, it is 
believed that humans and animals tend to repeat 
behavior that leads to positive rewards and avoid 
those that lead to negative rewards [2].

In formal education systems, learners are typically 
taught by educators who follow a pre-planned 
curriculum. Most education systems focus on on- 
campus learning; it provides more information and 
real-time doubt clarification. According to Marc 
Rosenberg [14], E-leaming is a form of distance 
learning that can take place in either synchronous or 
asynchronous modes. In other words, E-leaming is a 
mode of learning that rehes on electronic devices such 
as computers, smartphones, and the intemet to 
facilitate the acquisition of knowledge and skills.
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One of the key advantages of E-leaming is its 
ability to provide educational content to learners in 
virtually any geographic location where they can 
access reliable electricity and internet connectivity. 
This concept changed the traditional educational 
scenario into a fruitful learning method. Moreover, 
m ost o f the available learning methods are 
Asynchronous; that is, the learners can study and take 
exams at any time based on their convenience. This 
feature attracts more learners to E-learning. 
Universities like Harvard University and MOOC 
providers like Coursera and Udemy provide different 
online courses.

E-learning platforms are shifting away from 
traditional marks-based educational systems and 
towards more result-oriented approaches. It has been 
observed that many developed countries have begun 
to shift towards result-oriented educational 
approaches in their on-campus learning systems. 
However, in developing countries such as Indonesia 
and India, traditional marks-based education 
continues to be the norm [17]. It is recognized that 
implementing a truly result-oriented education 
platform can be a complex and challenging endeavor. 
As such, online courses have increasingly turned to 
real-time project works to promote practical, 
applicable learning outcomes for their learners. At the 
same time, exams remain an important means of 
evaluating learners and assessing their progress. 
However, the vast amount of data generated by these 
exams can pose a significant challenge in managing 
and analyzing it effectively.

Technological advancements have enabled 
significant reductions in the workforce required to 
perform many tasks, resulting in the generation of vast 
data. In recent years, the sheer volume of data 
produced has grown exponentially, leading to new 
challenges and opportunities for researchers and 
practitioners [20]. Data has become a critical resource 
for all industries, including health care, business, and 
many others. However, working with such data can be 
a complex and challenging task, as it often contains a 
v as t am ount o f  in fo rm a tio n  th a t m ay be 
interconnected or intra-connected. Each type of data 
serves specific needs and purposes. Therefore, simply 
discarding data is not a viable option. Instead, the 
focus should be on maximizing its utilization and 
extracting insights and knowledge that can drive 
positive outcomes and impacts. However, manual 
analysis of large-scale data sets can be time- 
consuming and impractical, which is why many

analytical tools have been developed to facilitate this 
process [10]. Data analytical tools are designed to 
assist with initial data analysis, removing partial data 
and other types of errors similar to what a human 
analyst might do in real-time.

The adoption of the Internet of Things (loT) and its 
associated services has significantly increased the 
volume of data stored in the cloud [12]. The majority 
of contemporary technological devices and services 
incorporate loT in order to enhance their efficiency. 
As a result, it has become increasingly important to 
employ data mining and knowledge extraction 
techniques across all fields associated with the 
internet.

The proliferation of data has given rise to 
challenges in the realm of real-time applications and 
other related architectures. While data pre-processing 
and analysis can help address these challenges, it is 
important to ensure that these processes are utilized 
effectively. Having access to flawless data and 
patterns can certainly simplify business tasks, but 
what about opportunities for improvement? This is 
where recommendation systems [7] come into play. 
By effectively leveraging pre-processed data, 
recommendation systems can help optimize business 
strategies. It is worth noting that the impact of 
recommendation systems is particularly evident in the 
online video streaming and marketing domains, 
where they are becoming increasingly prevalent. This 
is p a r tly  b ecau se  a p p ro x im a te ly  90% o f 
recommended items tend to achieve success. Take E- 
commerce giants like Amazon and Walmart, for 
instance; a substan tia l p roportion  o f the ir 
recommended items are sold with remarkable 
e fficacy . T his h ig h lig h ts  the  p o ten cy  o f  
recommendation systems in capturing the attention of 
consumers. Beyond the retail space, online streaming 
platforms such as Netfiix and YouTube have greatly 
leveraged recommendation systems.

Technology is advancing at an unprecedented 
pace, with numerous fields benefiting from these 
advancements. Despite the growing prevalence of 
recommendation systems across various domains, 
their effective integration into E-leaming platforms 
has yet to be widely explored. Many E-leaming 
p la tfo rm s have im plem ented  conventional 
recommendation systems, which rely on analysing 
user data and generating recommendations based on 
historical usage patterns. However, given the 
fundamental differences between business and
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education, it is crucial to develop tailored scenarios 
that are more suitable for educational purposes. 
Designing an E-leaming course or platform entails 
extensive groundwork and requires in-depth research 
to ensure seamless deployment of the service. 
Academic learning is especially complex, as it caters 
to a wide range and is not limited by language barriers 
in modem education. As such, the course structure and 
delivery medium carry significant weight and should 
be approached with great care and attention to detail.

Sofiadin [18], studied how e-leaming can sustain 
education and foster a hum anising learning 
environment. Authors have sought to understand 
students' perceptions, challenges, and potential 
benefits of e-leaming about supporting education and 
humanising leaming experiences. The study included 
conducting focus group sessions with a sample of 
students. The participants engaged in discussions 
centred around the advantages and disadvantages of e- 
leaming and how it could promote a humanising 
educational experience. The authors collected data by 
recording and transcribing these focus group sessions.

The research conducted by Dahan [5], presents a 
case study on the metaverses Framework in an e- 
leaming environment (ELEM) context. Authors have 
explored the application of the Metaverse Framework 
as a potential solution for enhancing the e-leaming 
experience. Case studies focus on implementing and 
evaluating the Metaverse Framework in an e-leaming 
setting. The authors have described designing and 
developing the virtual environment using the 
framework. They discuss various features and 
functionalities incorporated into the e-learning 
platform, such as virtual classrooms, interactive 
content, and social interaction elements.

Calaguas NP [3] introduces a stmctural equation 
model (SEM) to predict adults' online leaming self- 
efficacy. A uthors have explored the factors 
influencing adults' belief in their ability to succeed in 
online learning environments and proposed a 
stmctural equation model to examine the factors that 
contribute to adults' online leaming self-efiBcacy. The 
model includes three key components: technological 
self-efficacy, task value, and perceived social support.

Sohaib et al., [15] examines digital students' 
satisfaction with an intention to use online teaching 
modes, focusing on the role of the Big Five 
personality traits. Authors have studied how 
personality traits influence students' perceptions of

online teaching modes and their intention to continue 
using them.

The process of teaching and leaming is inherently 
challenging. To enhance the quality of education 
through the integration of modem technologies, it is 
imperative that we adopt innovative strategies and 
approaches. The primary focus of this paper is to 
explore the potential of utilizing technological 
advancements in both the science and business fields 
to develop a more effective method for E-leaming 
systems.

This paper proposes a new and effective method, 
referred to as 'learning paths,' which aims to offer 
leamers on E-leaming platforms a more systematic 
approach to their leaming. The proposed system 
utilizes an algorithm called the “Natural-Inspired 
Migrating Bird's Learning Path” to access the 
progress of leamers and guide them towards a more 
productive and efficient leaming experience, catering 
to leamers of all levels.

This paper is divided into four main sections. The 
frrst section provides an introduction to the study, 
while the second section outlines the methods used. 
The third section presents the experimental results, 
and the fourth section concludes with a discussion on 
future work.

2. Materials And Methods

A. Data Collection and Pre-processing

In every machine leaming project, it is cmcial to 
identify and pre-process relevant datasets. In the 
proposed work, we utilised secondary data, as 
creating an E-leaming platform based on the proposed 
architecture (as shown in figure 3) would be time- 
consuming. Our primary challenge was finding an 
appropriate secondary dataset for the system. As 
traditional E-learning datasets do not provide 
extensive information on student performance and 
resource utilization, we opted to collect the required 
data from the UCI repository [19]. The dataset we 
utilized comprises the academic achievements and 
progress of students in two Portuguese schools, with 
data segregated based on two subjects: mathematics 
and Portuguese. For our proposed research, we only 
used the mathematics subject data, which included 
395 records and approximately 32 attributes. These 
attributes included information such as sex, age, 
address, family size, intemal scores, and more. We
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conducted a thorough analysis of all the features in the 
dataset and selected a few based on our intuition for 
the research. The chosen features include study time, 
internet usage, free time, go out, weekday and 
weekend alcohol usage, health status, absences, and 
internal scores. However, we decided to exclude other 
features such as parent status, sex, age, school name, 
address, and more.

In the study, we have considered all the 
information provided in the dataset as features. The 
attribute columns such as students' addresses, school 
names, sex, age, and parent's status were excluded 
from the study as they are considered to be general 
information that would not add significant value to the 
research. However, it is important to note that the 
absence of evidence does not necessarily mean that 
these variables do not play a role in evaluating 
students’ performance. While there may not be 
existing evidence to support the inclusion of these 
variables, it is still possible that they could impact a 
student’s academic performance and should not be 
discounted. Therefore, it may be beneficial for future 
research to consider including these variables in the 
evaluation process and explore their potential impact 
on student performance.

As a result, the feature selection process was 
manually carried out based on the authors’ experience 
and intuition. It is crucial to remove any features that 
are not considered for the study to prevent irrelevant 
correlations that could mislead the research and 
reduce its efficiency and accuracy. As all the features 
in this dataset are in numerical form, including details 
such as age or school name could create a high 
correlation between individuals of the same age or 
attending the same school. Hence, it is imperative to 
exclude such features from the study.

In order to analyze students’ improvement, it is 
important to gather information about their hobbies 
and habits, especially their internet usage. While the 
UCI student data were directly collected from the 
students, the proposed E-leaming platform suggests 
the implementation o f chatbots to gather such 
information. Usually, students may not provide 
accurate details when completing surveys or 
questionnaires. However, implementing the chatbot 
system can collect more accurate results directly from 
the learners. Nonetheless, the available dataset 
contains only a few relevant features, and the system 
utilized those resources to their maximum potential.

The dataset we are using for this study contains 
three test scores: first period grade, second period 
grade, and final grade. All test scores are out of 20. It is 
important to note that the final grade has a strong 
correlation with the other two grades since it is based 
on them. Additionally, travel time is represented using 
numerical values, where 1 means less than 2 hours, 2 
is 15 to 30 minutes, 3 means 30 to 1 hour, and 4 is 
greater than 1 hour. Similarly, the feature ’study time' 
is coded with values 1 for less than 2 hours, 2 for 2 to 5 
hours, 3 for 5 to 10 hours, and 4 for greater than 10 
hours. For features such as 'free time,’ 'going out (go 
out),' ’alcohol consumption, and "health,' a scale from 
1 to 5 is used to represent low to high values. However, 
for absences, the values are numeric, ranging from 0 to 
93.

The Exploratory Data Analysis (EDA) was 
conducted to investigate the correlations among all 
the features. The correlation heatmap and basic 
correlogram were used for this purpose, as shown in 
figure 1. The EDA process also helped identify the 
more important features of this research. In EDA, all 
the data features are analyzed and different 
comparisons are made.

StwSy time (in Hrs) v/s failures

fluJyjaw

Fig. 1: Correlation graph of study time (in Hrs.)
Figure 1 depicts the correlation between study tune 

and failure rates, where study time is measured in 
hours. The figure displays the distribution of study 
time, ranging from 1 to 4 on the scale, and the 
corresponding failure rates. Our analysis indicates 
that there is a strong negative correlation between 
study time and failure rates. The highest failure rate is 
observed at a study time scale of 1, whereas an 
increase in study time results in a decrease in failure 
rates. On a study scale of 4, the failure rate of students 
is at its lowest. This suggests that study time and 
failure rates are inversely proportional to each other.
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During the exploratory data analysis, all tlie feature 
values were carefully examined to assess the 
effectiveness o f each feature. To support this 
evaluation, please refer to the graph image provided 
below.

Father education status v/s Student failures

fother education

Fig. 1.1: Correlation graph of parental 
education and student failures

Following the analysis phase, the significant 
features were identified and sorted based on their 
correlation. In the subsequent phase, the authors 
manually analyzed these features, taking into 
consideration factors such as study time, going out 
and so on. However, certain features such as parental 
education and parents’ occupation were not included 
in this study, despite their potentially significant 
influence. The focus of this study is primary on the 
students themselves. As an online recommender 
system, the authors recognized the importance of 
considering these features, as teachers could utilize 
them to provide enhanced attention to specific 
students. However, it should be noted that when it 
comes to student recommendations within the student 
population, these features may not jdeld optimal 
results. As a result, the authors made informed 
decisions regarding the selection of features for the 
final process.

B. Proposed Method: Natural-Inspired Migrating 
Bird’s Learning Path

Research studies have shown that natural-inspired 
algorithms can provide efficient solutions for real­
time problem-solving. Among the most well-known 
natural-insp ired  algorithm s are A nt Colony 
Optimisation (AGO) [6] and Migrating Birds 
Optimisation (MBO) (Eduardo et al., 2015). The AGO 
method is inspked by real ants' foraging behavior and 
has been used as a solution for the Traveling Salesman 
Problem (TSP) [8]. The Particle Swarm Optimisation

(PSO) [7] methods are inspired by the group work 
behavior of bird swarms in. travel patterns, and the 
algorithm optimizes the problem iteratively to 
improve candidate solutions for complex real-world 
problems [16] [9].

The proposed method aims to develop a new 
model for efficient recommendation systems, which is 
inspired by the behavior of migrating birds. In this 
model, each particle has a fitness [7] that is calculated 
based on various distance measures. However, our 
proposed method utilises an improvement calculation 
method instead of the conventional fitness calculation 
method, and it does not rely on existing distance 
measures. In addition, we have implemented a unique 
version of the recommendation system on the student 
dataset, which is inspired by how migratitig birds 
choose their leader in the migration process. As shown 
in figure 2, the proposed method takes advantages of 
the unique flying patterns of migrating bird swarms to 
optim ize the recom m endation system  more 
efficiently.

Fig. 2 : Proposed recommendatioii.

In the natural world, bird swarms change their 
leaders after a random time quantum. Similarly, in our 
proposed method, the student leaders (Top students), 
recommended resources, and the learning paths will 
change based on each student’s improvements in each 
term. This ensures that the system never offers the 
same set of resources and paths repeatedly; instead, 
the system provides new resources and a new set of 
top performers in each term, allowing for greater 
diversity and effectiveness.

Proposed Algorithm: Natural-Inspired Migrating 
Bird's Learning Path
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Initialize K-means 
Find cluster heads 
Initial recommendation 

If (more instance of internal scores available):
Begin; Migrating Bird's criteria:

Initialize learners
For each learner Calculate improvement: 
Improvement= Final internal - Previous internal 
Sort improvement by decreasing order 
Intersection of'n' improved student features 

if (more instance of internals available): 
go to: improvement calculation 

repeat until course overs

Consider the Natural-Inspired Learning Path 
algorithm and proposed system architecture (Figure 
3.). In the initial phase, the system may encounter a 
cold start problem if there are no internal scores 
available for the course. This means that the system 
m ay n o t be a b le  to  m ake  p e r s o n a l iz e d  
recommendations for learners until sufficient data has 
been collected. The proposed model consists of 
combination of two algorithms which are K-means

and MBO. Here, the K-means algorithm to eliminate 
the cold start problem [21] and provides the initial 
recommendations. By leveraging student's previous 
academic scores and other relevant parameters, the K- 
means method can provide more personalized 
recommendations. This algorithm identifies patterns 
in the input data and groups similar data points on their 
features.

K-means algorithm working scenario:

1. Initialize the K clusters.

2. Choosing initial centroids randomly.

3. Iterations repeat until no changes in centroid 
values:

• Compute the squared distance 

between data points and centroids.

• Creating clusters

• Computing centroids for clusters.

The algorithm utilizes various distance measures 
to determine similarity and dissimilarity. In K-means, 
the most commonly used distance measures are 
Cosine distance. Euclidean distance, and Manhattan 
distances [10].

We employed Euclidean distance as the distance 
measure in our study and selected the distance metrics 
based on the properties of the dataset.

d(p,q)  = (1)

p, q, are two points in Euclidean n-space.

qi, pi is Euclidean vectors, starting from the initial 
point.

n=n-space.

The Euclidean distance calculates the squared 
difference between data values, which serves as the 
basis for the clustering process. This approach ignores 
the extremes of the data, such as the smallest and
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largest differences, and instead clusters the data based 
on the remaining values.

The K-means algorithm categorizes students into 
good, fair, and low clusters, based on their 
p e r fo rm a n c e . T he sy s tem  o f fe rs  in i t ia l  
recommendations based on the details of the good 
cluster. As the E-leaming course progresses and at 
least two internal scores are available, the system 
enters its second recommendation phase, where it 
evaluates the student's performance based on different 
feature instances. The system computes the 
performance improvement using the formula 
provided below.

Table 1: K-means recommendations

P e rfo rm a n c e  =
^ fe a tu r e

fe a tu r e (m a x ) (2)

In this equation, the term 'feature' refers to the 
various attributes of the student data, and 'max' 
corresponds to the highest value among these 
attributes.

To compute the 'Performance', we require a 
minimum of two internal scores in online learning. 
For instance, if a student's internal scores are 14 and 
15 out of 20, we can apply the above formula to assess 
their performance.

F eature value initial (feature 1) = 14

F eature value final (feature 1) = 15

1 5 - 1 4
=  0.05

20

If the dataset comprises only two internal scores or 
other features, the system recommends the best option 
based on the learners' performance improvement. 
When we have more than two internal scores for a 
particular course, we can consider that there is 3 
internal scores testl, test2, and test3. This will provide 
two feature sets, A and B (based on performance 
formula), which consist ofthe testl, test2 (test2-testl), 
and test2, test3 (test3-test2) scores, respectively, for 
the first and second iterations. The system identifies 
the intersection between the A and B feature sets and 
provides recommendations based on this shared 
information. These are the fiindamental principles 
behind the proposed recommendation system, which 
prioritizes students' improvements over their 
maximum scores in each term.

Student
id

Study
time(Hrs)

Abse
nces Go

out

Periodl
Score(20)

Period2
Score(20
)

47 4 4 2 19 19
42 2 2 3 19 18
374 3 0 4 19 18
293 4 6 2 18 18

High-performing learners in each iteration often 
share common characteristics, such as study time, 
internet use, and other factors. By identifying and 
suggesting these features to other students in the same 
classroom, we can help weaker students to improve. 
Merely increasing study time may not always lead to 
better performance; other factors, such as the quality 
and relevance of study materials, can also play a 
crucial role. Providing students w ith more 
comfortable and standardized resources can facilitate 
their learning experience. Therefore, recommending 
such resources to other students in the classroom can 
be highly beneficid.

3. Experimental Results

The proposed system is implemented using Python 
and various libraries, such as scikit-leam and 
matplotlib. Initially, the K-means algorithm is utilized 
to find similarities between neighboring learners and 
form clusters. The system clusters the dataset based on 
the several features, such as period scores, internet 
u sag e , and study  tim e, b e fo re  p ro v id in g  
recommendations based on the cluster. The algorithm 
identifies the most similar students by analysing the 
similarities and dissimilarities in the data. For 
instance, in Table 1 and figure 4 provided below, the 
K-means method yields the most similar categories.

Fig. 4: K-means results

The results of the k-means recommendation are 
presented in Table 1, corresponding to Figure 4. Based 
on these findings, it is observed that the study times, 
going out frequency, and other factors of the four 
students are not significantly similar, except for their 
student scores. Utilizing these similarities, the 
algorithm successfully identified similar students. 
The Euclidean distance metric was employed in the
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algorithm  to calculate both sim ilarities and 
dissimilarities, leading to the discovery of more 
students w ith sim ilar characteristics in the 
recommendations. The feature values derived from 
these results, such as study time, absence rate, and 
going out frequency, can be suggested to other 
students as an average to follow.

The system first performs an initial clustering 
process to identify the top-performing students and 
their resources, which are then suggested to other 
students. Subsequently, the system checks for 
additional internal scores, such as internal 2,3 and so 
on, and enters the main phase of the algorithm. In this 
phase, the system evaluates the student's progress in 
learning by applying the performance formula 
(equation.2). Based on this, the system makes 
recommendations that take into account the learners' 
improvements, rather than just their maximum marks.

Table 2: Recommendations from demo dataset

Student id Period 1 score Period 2 score

100 11 11

668 13 10

The proposed system also conducted experiments 
on dumm y data  tha t fu lf ills  the m ethod 's 
requirements. The experiment results are presented in 
Table II, where the system primarily emphasizes 
student resources. The recommended resources and 
learning habits are determined based on student's 
performance improvements. Table III displays the 
cluster of weak students, as the system also aims to 
identify weak students and offer better guidance. 
Therefore, if the system were to be deployed in real 
classroom, the recommendation would be for students 
to follow the resources and learning paths of the best-

Table 3: Weak students cluster

Student id Books referred Sites
accessed

Free
time

Peridl
Score(20)

449
Expert C 
Programming: 
Deep C series 
by Peter

C and C++ 
programmi 
ng
resources

2
18

444
Advanced 
programming in 
Unix
environment

C and C++ 
in
resources 4

18

213
Advanced 
programming in 
Unix
environment

C and C++ 
in
resources 5

18

performing students, based on their attribute values 
such as study time, go-out rate, etc. This would serve 
as a resource recommendation and learning path for 
weaker students to improve their performance. 
However, currently the best students attributes values 
are considered as recommendation.

A. Model Evaluation

The proposed system is evaluated using a 
qualitative technique because it is unique and distinct 
from existing concepts. The system recommends 
learning paths, resources based on performance 
improvement, so all recommendations are in 
increasing order of performance values, making them 
better. Therefore, qualitative methods are appropriate 
for evaluating the system's ou^uts by comparing 
them with other methods. However, the final 
evaluation can only be conducted once the 
recommended learning paths are implemented in a 
real-world setting.

B. Comparison of K-means and Natural Inspired 
Method

When examining the recommendations suggested 
by Natural Inspired learning systems and K-means in 
Tables IV & V, it becomes apparent that there are 
discrepancies in the feature values. For example, 
when looking at period scores, K-means clustering 
results in more similar scores and therefore, clusters 
are created based on these internal scores. In contrast, 
other feature values such as study time, absences, and 
going out are only slightly similar to the other 
recommended values. On the other hand, the Natural 
Inspired system recommendations have distinct 
internal values, with different valued scores 
recommended. Moreover, upon evaluating the 
recommended students based on their improvements, 
it can be inferred that if implemented in the real world, 
this approach would recommend the most exceptional 
students.

Table 4: Proposed system recommendations (MBO)

Stude 
nt id

Study
time
(Hrs)

Abs
ences Go

out
Period 1 

Score 
(20)

Period2
Score
(20)

47 4 4 2 19 19
42 2 2 3 19 18
374 3 0 4 19 18
293 4 6 2 18 18
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Additionally, other feature values such as study 
time and absences are more similar to other students. 
Consequently, the Natural Inspired learning system 
provides more effective recommendations based on 
performance improvement.

Upon comparing the two recommendation tables, 
it is evident that the Natural Inspired system generates 
more comparable recommendations. The system 
recom m ends studen ts who exh ib it sim ilar 
performance metrics, with the primary feature being 
the students' marks. It is noteworthy lliat this feature 
can be replace with any other feature, but for better 
comprehension, we have utilized internal marks. The 
most significant advantage of the proposed method is 
that it yields recommendations that are more similar to 
one another. In contras, when examining the K-means 
resuhs in Table IV, the recommendation are not as 
similar as those generated by the Natural Inspired 
system.

C. ACommon Issue in Evaluation

In this research, the proposed system architecture 
employs a distinct approach. Initially, the system 
identifies a suitable secondary dataset and then 
applies the proposed algorithm. The system employs a 
machine learning technique that determines the 
correlation between the research elements or 
problems. Based on these correlation values, the 
system generates the output. By utilizing secondary 
data, the system can proceed with the subsequent 
phases of the research based on the accuracy of the 
output.

Consequently, it is imperative to conduct the 
second phase of the research with a real-time dataset. 
The results obtained from this phase will enable us to 
draw a final conclusion regarding the overall 
performance of the model. This will help determine 
the model's applicability for real-time or traditional 
teaching-learning scenarios. The proposed method is 
entirely distinct from existing recommendation 
systems, rendering other methods unsuitable for 
comparison. The system's performance is based on the

Table 5: Initial K-means System Recommendations

Student
id

Study
time
(Hrs)

Abse
nces Go

out

Period 1 
Score 
(20)

Period2
Score
(20)

254 4 5 4 8 12
161 4 3 4 5 9
4 5 5 3 6 10

improvement of the students, and therefore, the 
recommended results can only be compared with 
other methods. In the context of evaluating E-leaming 
or traditional learning, instructors or course providers 
often  consider only the h ighest scores in 
examinations. However, this method of evaluation 
does not accurately reflect the learning process since it 
only focuses on marks, while learning is a holistic 
process that can not be evaluated based solely on 
scores. The proposed method allows for the 
evaluation of different feature sets, not just internal 
scores, as the objective of education is not solely to 
acquire more marks but to improve students in all 
areas. Unfortunately, we currently rely on a marks- 
based evaluation system. In the proposed work, we 
analyze the students' marks, but not in the same 
manner as existing methods. The method prioritizes 
improvements in learning, so the learners are chosen 
based on their learning improvements rather than 
solely on the maximum marks method.

Providing recommendations for resources and 
learning habits on E -learning platform s is 
significantly more challenging than other existing 
recommender systems like movie recommendations
[4] and product recommendations [1]. The primary 
reason for this is that those recommendation systems 
are based on the conventional approach of finding 
similar users and habits using distance measures. In 
contrast, the implemented system focuses on student 
improvements and recommends resources and 
lifestyles accordingly. The key difference between the 
proposed system and existing method is that the 
recommendations provided by the proposed system 
will differ in each phase. Only the improved students 
and their patterns are recommended, which sets it 
apart from other methods.

4. Conclusion and Future Works

The Natural Inspired learning system introduced a 
novel approach to E-leaming recommendations using 
machine learning techniques. The system first clusters 
student groups with the K-means algorithm and 
provides initial recommendations based on the cluster 
results. The Natural Inspired learning method only 
considers performance improvement and aims to 
address the cold start problem by incorporating K- 
means recommendations. The algorithm provides 
equal priority to all learners on the platform, using a 
democratic approach. The system is designed to 
promote better and more efficient learning activities 
among students.
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In this study, a recommendation system utilizing the 
MBO method was developed, which provides 
recommendations based on student improvement. As 
future work, it is necessary to implement this method 
on a real E-learning platform to evaluate its 
performance. Additionally, the algorithm can be 
applied to different E-commerce platforms to offer 
improved recommendations for products and 
services. Since many E-commerce platforms include 
ratings for their products and services, this algorithm 
can compare these ratings and suggest new products 
to different customers based on their previous 
purchasing history. This method can also be utilized in 
movie recom m endations by calculating the 
improvements and accompUshments of directors and 
actors based on their previous work.
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