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Conclusions

The article describes the preparations for establishing a new, adaptive lesson module. It focuses on the group of students, which allows to 
determine the number of initial learning paths. It includes a discussion on several methods of clustering and the optimal number of learning 
paths.

The presented GLM module can be improved on the basis of this research. The current research assumes the preparation of learning paths with contents relevant to the population 
of students. It was found that:
• change the hierarchical clustering method does not affect the basic division of the population of students,
• taking into account the matching objects to cluster the three initial learning paths will be prepared in the GLM module,
• didactic material on the paths should have a similar structure and different degrees of difficulty. 

At the same time, the clustering attempts to verify the conclusions drawn on the basis of the results above are planned to be carried out. Further tests will include hierarchical 
clustering using Euclidean metric and non-hierarchical clustering.

During the work on a new lesson module (GLM) [1], giving the possibility of 
implementation into the LMS Moodle and LMS Claroline systems, the requirement of 
preparation learning paths tailored to the needs of students has emerged. GLM can operate 
according to two strategies discussed widely in work [2]. The first of these involves the 
preparation of teaching materials according to the linear scheme, the second – the 
composition the initial paths of learning.

Creation of the initial path of teaching requires a thorough knowledge of students [3], 
which in practice leads to find the answers to some questions. First of all, it is necessary to 
find out whether they are smart or having difficulties students. It is also obligatory to 
specify the characteristics of students' skills in searching for analogies, making 
generalizations, memorizing or orientation in mathematical and geometrical problems [4]. 
Research should bring the answer to how many learning paths must be established and 
what content they should carry. 

The research sample was 167 students randomly selected from all students in the school. 
The structure of intelligence Amthauer's test was performed on a sample of students and 
the test results were treated using the statistical package R [5].

Histograms of the test components were made and then the hierarchical clustering methods 
using the Manhattan metric: Ward [6] and Complete-linkage [7, 8, 9] were conducted 
separately. Based on the results of hierarchical clustering the optimal number of groups 
was chosen. The degree of similarity of every element to the proposed cluster was verified. 
The results are shown on the figures.

Based on a boxplot (Figure 7) can be estimated that the initial division does not run due to 
the dominant type of intelligence, but because of the general level of intelligence.

In other words, clustering by Complete-linkage method leads to a distribution of almost 
identical to the Ward‘s method. The only change is the multiplicity of clusters - Complete-
linkage method classified 93 students as an intermediate (cluster 1 – violet), 48 as a bright 
(cluster 3 – green) and 26 as weak (cluster 2 – orange). 

Theoretically, the number of generated clusters determines the number of initial learning 
paths implemented to the GLM module. However, in practice, it should be considered the 
time-consuming preparation of each path. This means that the learning paths should not be 
multiplied. The optimal number oscillates around 2 – 4.

The division of the students’ population has a decisive influence on the preparation of 
teaching materials. Initial prediction that the population is devided by the nature of 
intelligence tended toward the creation of student ability-oriented materials. It was 
assumed that depending on the type of intelligence learning units will be dominated by 
one of the media of communication. The results of the calculations, however, suggest just 
the opposite – the materials contained in the learning paths should include a similar 
number of media types, have analogous structure and differ only by the degree of 
difficulty.

Figure 1 shows the raw data of the intelligence test structure. Based on the data presented 
in the histograms some hypotheses about the population of students can be drawn.

In the test 1 determining knowledge of a simple information from the surrounding world, 
the results are outstanding and demonstrates students’ high ability to update their 
knowledge. Test 2 shows that students are able to find common characteristics and 
properties of objects or concepts and compare them. The average test results 7 and 9 of the 
whole population suggest an intermediate ability to think logically and remember 
information.

The results of the tests 3, 4, 5, 6 and 8 below average show a weak ability to inference and 
generalization (3, 4), poor skills of solving text exercises (5), lack the ability to make 
calculations (5, 6) or detecting dependence between the numbers (6). Very poor 8th test 
results indicate the absence of ability to work with three-dimensional objects among the 
entire population.

After the hierarchical clustering using Ward's method and Manhattan metrics (Figure 2) 
population was divided into roughly equal groups of 57, 52 and 58 representatives.

These groups are shown in the boxplot in Figure 3. As can be seen from the graph the 
population of students is not parted due to special skills (for example, due to mathematical 
ability, linguistic, or spatial) but because of the general level of intelligence. In other 
words, the population of students was divided into bright and average students and 
students with poorly developed intellectual components.

Looking for matching objects to clusters shown in Figure 4, it is possible to confirm the 
validity of a designated group.

The division of the students’  population according to the directional abilities can be 
caused only by increasing the number of clusters. This situation is illustrated in Figure 5, 
where the cluster of intermediate students (1) remained unchanged, while the cluster of 
clever students is splitted into two parts: the cluster of thoroughly intelligent students (3) 
(i.e., having well-developed intellect components in each direction) and the cluster of 
math and computing-oriented ones (4). A cluster of students with poorly developed 
intellectual components is divided into the cluster of students poorly generalizing the 
concepts (5) and the cluster of students with reduced computing ability (2). It can be 
assumed that the cluster thoroughly intelligent (3) represents the students with broad 
interests, reading books and skillfully using the new media. 

The cluster of mathematically and computationally oriented is represented by students 
prefering natural sciences and engineering subjects, which must gain more general 
knowledge.

Intermediate students appearing in the cluster (1) should be allowed to the harmonious 
development of all skills. For students with underdeveloped component of generalization 
(5) should be paid attention to incentive their work. The last group of students (2) requires 
the help of specialists.

A similar situation occurs after the clustering Complete-linkage method (Figure 6). 
Population estimated by this method can also be divided into three main clusters.
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Figure 1 Component histograms of tests carried out on 167 students - raw data.

Figure 2 Ward's hierarchical clustering method with using the Manhattan metric.

Figure 3 The split of the population into 3 clusters. Ward's hierarchical clustering 
method and the Manhattan metric. Count of clusters: 1 (violet) - 57, 2 (orange) - 52, 3 

(green) – 58.

Figure 4. The confirmation the validity of a designated group.

Figure 5 The division into 5 clusters. Ward's hierarchical clustering method 
and the Manhattan metric. Count of clusters: 1 (violet) - 57, 2 (orange) - 28, 3 

(green) - 31 4 (blue) - 27, 5 (white) – 24.

Figure 6 Complete linkage hierarchical clustering method with using the 
Manhattan metric.

Figure 7 The split of the population into 3 clusters. Complete-linkage 
hierarchical clustering method and the Manhattan metric. Count of 

clusters: 1 (violet) – 93, 2 (orange) - 26, 3 (green) – 48.
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