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Abstract. This paper describes a developed semi-automatic software platform for
the harmonization of the informatics curricula at all levels of education. The
applied algorithms for matching ontologies are described in detail, as well as the
principle of mapping informatics curricula to ontological models. The model of
the selected informatics teacher education curriculum from the Republic of Serbia
was created and compared to the model of the reference informatics teacher
education curriculum using a software platform. The analysis of the results
includes a comparison with the data obtained for other possible pairs of the
created input ontological models (the secondary school ACM K12 model and the
reference model, the secondary school model and the model of the selected
curriculum). The research presented in this paper indicates that it is necessary to
consider the improvement of teacher education curriculum as well as the
application of new matching techniques.
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1. Introduction

The rapid changes in the field of computer science (CS) require the constant
improvement of the CS curricula. Primary, secondary and higher education CS curricula
must be mutually aligned, but also have to be harmonized with the development of CS
field. Therefore, it is necessary to present the curriculum in such a form that is computer
interpretable and easy to change. Also, it is important to facilitate the determination of
the curricula harmonization of different levels of education. This could be achieved by
applying a software platform that would point out the missing aspects in the curriculum,
provide statistical data, the possibility of improving the curriculum model and the like.

The rest of the paper is organized as follows. Section 2 shows related work. Section 3
presents the ontological models of the reference and chosen informatics teacher
education curricula. Section 4 describes the architecture of our platform for curricula
harmonization and ontology matching methods, applied in the platform. Section 5 gives
discussion of the results following the application of the presented software to created
ontological models. Section 6 contains concluding considerations, limits of the
developed platform and future research aims.
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2. Related work

Seitz [1] states that researchers often examined the alignments between the intended and
the assessed curricula and between the enacted and the assessed curricula. Bay et al. [2]
present the research with the aim to establish the factors that affect curriculum
alignment. In the paper, the curriculum alignment is defined as “the compatibility
between a country's centralized curriculum determined by the ministry of education and
what teachers do during the teaching process”. Digital curriculum mapping tool,
presented in [3], was created mainly to facilitate ,,processes of improving curriculum
alignment and visibility of learning trajectories for teachers and students”. In this paper,
the curriculum alignment is interpreted through the ,,dynamics” between the program
structure and the student’s learning. The tool provides students, teachers and curriculum
evaluators with a quick and easy insight into how and when the acquisition of certain
curriculum skills and knowledge is planned. Moreover, the purpose of the created
curriculum mapping tool is to enable teachers to better understand the curriculum and
the position of the course they teach within a predefined learning trajectory. The
developed digital mapping tool is especially important in the accreditation process, as it
enables easy access to the content related to the visualized learning trajectory, providing
information about thematic areas which the educational institutions consider important.
In [4] the author analyzes the possibilities of electronic curriculum mapping system e-
CMS for organizing curriculum alignment initiatives. The proposed system can be
applied to both internal and external alignments. The internal alignment refers to
determining the compliance of the three elements of a course, teaching and learning
activities, assessments, and objectives. The external alignment is used to check the
consistency of the courses with one another. A research, shown in [5], presents
constructive alignment with a cross-institutional study from two Australian universities.
The paper emphasizes the importance of two approaches: the top-down institutional
alignment implementation at one university and the bottom—up approach within the
other. The top-down approach starts with a corporate strategy (higher education
institution) and follows a series of sequential steps ending with individual student
assessment learning items. The bottom-up approach implies the reverse direction. It can
be seen from the cited literature that all analyzed papers and presented tools have in
common the investigation of the curriculum alignment by determining the extent to
which the teaching is synchronized with the predefined curriculum. They do not deal
with the harmonization of curricula with external recommendations or other curricula.
A number of papers in current literature [6-9] testifies to the suitability of using
ontologies for curriculum representation. Ontologies ensure the presentation of the
curricula so that they can be interpreted by machines. The authors in [8] state that the
ontological representation of curricula provides easier curricula alignment. In [9],
Electrical Engineering Curriculum was represented through ontologies. The preliminary
research, by using the model of a semi-automated Academic Tutor, indicated that the
formal representation of the curriculum's knowledge could be shared and reused in the
field of education and engineering. The authors in [10] developed a new classroom
teaching model driven by the curriculum ontology. It was used in the creation of a
teaching plan and verified in the course of E -Commerce. Ref. [11] states that some of
the benefits of using ontologies are: sharing common understanding of the information
structure, ,,facilitating reuse of domain knowledge”, analyzing domain knowledge. A
model of a semi-automatic build of the intelligent curricula based on the existing
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educational resources in digital format (such as digital books, web/based tutorials or
curricula), was proposed in [12].

Contemporary literature presents many ontology alignment systems that use
numerous methods and techniques for ontology matching. Some of them are shown in
[13-15].

From the literature review, it can be concluded that there are a number of papers
dealing with curriculum alignment, curriculum ontological representation and ontology
alignment. However, to our knowledge, only curricula synchronization platform,
presented in [16][17], is made on the basis of ontology alignment methods. The
platform for the harmonization of teacher education curriculum software, presented in
this paper, uses a different input ontological model compared to those presented in
[16][17]. Also, the ontology matching process uses (new) algorithms adapted to the
specificity of teacher education curriculum comparisons. This is especially true of
terminological and taxonomic structural algorithms.

3. Teachers’ Curricula Ontological Models

The motivation for the development of the platform shown in this paper is to establish
whether the graduates of informatics teacher preparation programs are competent to
implement teaching in primary and secondary schools in accordance with contemporary
international standards and recommendations. Therefore, the main upper class of the
teachers’ ontological models is the Competence class. Different definitions of
competence are summarized in [18]. From [18] it can be seen that competence almost
always implies acquiring knowledge and skills. Thus, direct subclasses of the
Competence class are Knowledge and Skills classes that are mutually connected via
hasKnowledge/hasSkills object properties. According to the relevant literature [19-20]
(revised) Bloom's taxonomy is particularly suitable for use in computer science field.
Therefore, the Skills class is modelled based on cognitive domain of the Revised
Bloom's taxonomy, i.e., the following classes: Evaluate, Create, Analyze, Apply,
Remember-understand are subclasses of the Skills class.

Computer Science Teachers Association (CSTA), the organization which promotes
and supports CS teaching [21], suggests models for educating teachers relying upon the
ACM model K12 curriculum of computer science. The paper suggests that any
programme for preparing CS teachers must include the four main components:
academic requirements in the field of computer science; academic requirements in the
field of education; methodological (a methods course) and field experience; general
pedagogical knowledge. National Council for Accreditation of Teacher Education
(NCATE), the accreditation body in the USA for the accreditation of study programmes
that educate future teachers, has developed (since 1990) a series of standards for
preparing secondary CS teachers by promoting programmes based on K12 model
curriculum. The proposal, shown in [22], lists knowledge and skills that CS teachers
should have.

A detailed insight into the CS (informatics) teachers’ curricula around the world
(USA, Serbia, Israel, Estonia, Turkey, Austria, Germany, Scotland) as well as the
analysis of reference CSTA/NCATE standards [21][22] and current literature [23]
shows that informatics teacher curricula should cover the following content fields:
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general knowledge, general educational and pedagogical knowledge, informatics
domain knowledge, knowledge of teaching practice, knowledge of informatics teaching
methods. These fields are mapped onto appropriate classes and are modelled as
Knowledge subclasses (Fig. 1).

v Competence

v Knowledge
General_educational_and_pedagogical_knowledge
General_knowledge

>
>
| 2 Informatics _domain_knowledge
v

Knowledge_of_Informatics_teaching_methods
| 2 Methoddz_of_teaching_Informatics
| 2 Methodz_of_teaching_technigues
v Knowledge_of_teaching_practice
| 2 Methodical_practice
| 2 Methodology_of_pedagogical_research
| 2 Project_management_in_education
| 2 Skills

Fig. 1. Upper hierarchical structure of the Knowledge_of_teaching_practice class

The developed alignment software is applied in this work in order to compare
ontological models of the reference to the selected curricula. NCATE/CSTA standards
and curricula from different countries are mapped to the ,,reference” teacher education
model. The study program for informatics and technology teachers is mapped to the
“selected” teacher education model. The procedure of creating the Knowledge
subclasses implied that the courses (or content fields) were mapped to direct subclasses
of one of the five general knowledge areas (shown in fig. 1), while the topics contained
in the courses were represented as lower subclasses. An additional description of the
topics (usually shown in parentheses), if any, is mapped to the classes’ labels. Figure 1
presents a part of the hierarchical structure of the
Knowledge_of_Informatics_teaching_methods class in the selected curriculum model.
The Skills class structure was created as follows: learning outcomes were classified
based on the cognitive domain of the Revised Bloom’s taxonomy and represented by
lower Skills subclasses.

Chosen teacher education curricula model is based on the study program
“Informatics and techniques in education” at the Technical faculty, Zrenjanin [24]. The
method of mapping the curriculum into the ontological model is analogous to the
procedure described in [17]. Also, the ontological models are given in owl format at
[25].

4. Semantic Web Based Platform for Curricula Synchronization

The developed software platform is based on ontology alignment that is, in this paper,
interpreted as a ,;set of correspondences” [26] between two ontological models of
teacher education curricula curricula (0; and 0,). Object and datatype properties are
predefined and the same in both ontologies, while instances are not included in the
models. Therefore, the “set of correspondences” consists only of the classes’ pairs
(Ci1,Cjz), similarity values (confidence degree - conf;) between the classes and relations
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among them (Equation 1). Possible relations between classes are: the superclass, the
subclass and the equivalence.

(Ci, Cj,confj,relation; ) |
Alignment(0,, 0,)=1 C;, €0, C;,€0,,conf,€[0,1], (1)
relation,e{=,C, 2}

The presented ontology alignment system predicts “one to one” and “one to more”
(1:N) relationships. This means that a set of classes from one ontology can be the
subclasses of a class from the other ontology. The ontology alignment is done in several
steps. In the first phase, terminological similarity is determined. Similarity matrix,
obtained by applying terminological matcher, represents the input for all following
matchers. In the second phase, ontological matching methods are applied to determine
taxonomic structural similarity, relational similarity and one-to-many similarities,
respectively. The results of the application of each matcher represent the input for the
next. The developed software platform provides the user with a change of the results
after all matching steps, apart from after the terminological one.

A similarity matrix is created after each matching phase. It consists of the similarities
of all possible the classes’ pairs of compared ontologies. The aim of using matchers is
to establish “the best matched classes” i.e. to find the pairs of classes (for “1 to 1”
relation) that are mostly alike (closest).

A determination of the best matched classes from the similarity matrix as well as a
detailed description of each matcher is given in the following sections.

4.1. Determination of the Best Matched Classes

The problem of matching is well studied in literature dealing with graph theory [27],
according to which it is possible to apply several criteria for determining the best
matched pairs: maximum cardinality, maximum total "weight" and "stable marriage"
Matching has maximum cardinality if it has the largest number of mappings (paired
fields); matching has a maximum total weight if the sum of the weights of its mapping
is the greatest; a "stable marriage" requires that there are no such combinations of paired
fields (x, y) and (x1, y1) so that x more "prefers” y1 than y and y1 "prefers™ x more than
x1. According to [27], Greedy's choice for the matching of entities with cardinality of
1:1 can be considered as "monogamous"” version of the "perfectionist egalitarian
polygamy" selection metric which, according to the empirical results shown in [28]
gives the best results in the matching scheme. In this paper, Greedy selection algorithm
is used for determining the best classes’ pairs, because this method is frequently used in
the ontology alignment systems like [29] and [30]. Also, authors in [31] state that, for
example, a matching that maximizes the sum of the similarities of the selected pairs, is
not an "optimal™ solution for the problem of ontology alignment. As a reason for this
claim, in [31] it is stated that the goal of an ontology alignment is to maximize the
number of correct pairs and minimize the number of incorrect pairs. Therefore, in the
context of ontology alignment consideration (assuming that the value of the similarity is
directly related to the likelihood that the matching is true), selecting a pair with a high
similarity (for example, over 90%) may be more correct than selecting two pairs with an
average similarity value (50-60%).
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The Greedy method [27], applied to a two-dimensional similarity matrix, may be
described as follows [26].

1. Selecting a pair of entities e,; € 0,and e, € 0, which has the highest similarity value
of all entity pairs.
2. "Removing" rows and columns containing e.,; and e, so that e;; cannot be paired

with any ej, € 0,, j #n, and eq, cannot be paired with any ej; € 0;,i# m.

3. Finding the greatest similarity between the remaining pairs of entities.
4. Repeating the process until one value in the similarity matrix remains.

In the system described in this paper, the obtained pairs of entities become the "best
paired” if they are greater than the given threshold. Figure 2 shows an example of
determining the paired entities by using the described method, with the threshold value
of 0.5.

en | 09 0.2 0.4

€2 0.85 0.5 0.6

es 0.4 0.8 0.5

Fig 2. Example of determining the best pairs from the 2D similarity matrix

In the first step, the greatest possible similarity contained in the matrix is selected;
that is, in the example from the image, 0.9, and the first pair of paired entities is: {e11,
e1o}. In the next step, the pair {e,1, €1,} will not be selected, although their similarity is
0.85, since ey, has already been matched. The next greatest similarity among the
remaining unpaired entities is, then, 0.8, therefore {es;, €} is the next best matched
pair. In the last step {e,, €3,} are matched.

4.2. Terminological Similarity

Terminological similarity is determined using string and linguistic based method. String
tokenization including string normalization methods (identification of numbers, special
characters, blank spaces, uppercase to lowercase conversion, removing stop words etc.)
precedes the establishing of string similarities. In this phase, strings contained in local
names and class labels are taken into account. The English version of the WordNet
lexical database is used for morphological linguistic normalization.

The similarity of tokens contained in the local classes’ names is obtained using Lin's
"information-theoretic" method [32] if both tokens are in the WordNet database. If at
least one of the tokens is not in the WordNet dictionary, the similarity of the tokens is
determined using the Jaro Winkler method [33], [34]. S, list, consisting of similarities
of the "the best matched pairs" of tokens, is gained by applying the Greedy selection
method to the matrix comprising the similarities of all tokens of the C;,class with all
tokens of the Cj, class. The total similarity of the local names for the two classes

Sm(Cm Cjz)is then calculated. A slightly different way is applied depending on
whether the classes are subclasses of the Knowledge class or of the Skills class.



Semantic Web Based Platform for the Harmonization of Teacher Education Curricula 235

Skills subclasses represent skills/outcomes that are often described by free text. The
difference in the number of words contained in the outcomes can significantly affect the
different meaning of the outcome. Therefore, when calculating the similarity of the local
names of the Skills subclasses, the number of tokens should be taken into account. Thus,

sin(Cir» Cpp) is calculated as follows.

2 Z?:lo Sln (1)

sin(Cir, Cjz)zm

; |tok;, |- # of tokens in local name of Cy;

)

m-dimension of S,;; Cjis Skills subclass

It can be seen from the above formula that the similarity between the classes,
described with the different number of words (tokens), is reduced.

On the other hand, for the Knowledge subclasses, which are usually described by a
smaller number of tokens and which represent the names of topics/thematic areas, it has
been experimentally shown that more accurate results are obtained if a different
principle of calculating the similarity is applied. The principle of determining sm(Cu,
C;») of the Knowledge subclasses depends on the ratio of the difference in the number

of tokens ||tokl-1|— |tokj2|| and the minimum number of tokens

min(|tok;, |, |tokj,|). If the difference in the number of tokens is not less than the
minimum number of tokens, the above formula (2) is applied. Otherwise, the total
similarity of the local names of the two classes Szn(Cu. Cjz) is obtained as the average
value of the elements of the list S;,,.

The similarity of the classes’ labels s;,(Ciy, Cj;), and the similarity between the
local name of the class of one ontology and the label of the class of the compared
ontology Slnlb(Cilr Cjz) and, inversely, slbm(Cil, Cjz) is calculated in an analogous
way. The total terminological similarity for classes s;e;m (Cil, Cjz) is:

Sterm(Ci1, Cj2) = max(sp(Cia, Ci2), 515(Cins Ciz2)s Sinun (Cins €2 ) Sipin (Cias Ci2)) 3)

4.3. Taxonomic Structural Similarity

Taxonomic structural similarity includes the following stages: the determination of a
parent similarity, the determination of the similarities of leaf classes and the
determination of similarities of leaf classes belonging to the unmatched classes’
structures. Since Skills part of the ontological hierarchy is less structured (classes
representing a cognitive domain of Bloom taxonomy mostly have direct subclasses
only), the taxonomic structural similarity is established only for the Knowledge
subclasses. The classes in the upper classes’ structure that are the same in both
ontologies  (like:  Knowledge, Competence, Informatics_domain_knowledge,
General_knowledge, etc.) are not considered in obtaining the taxonomic structural
similarity.
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Parent Classes’ Similarity

In the first step, only the parent classes (classes that have subclasses) are compared.
Parent classes’ similarity is calculated based on the terminological similarity of the
compared classes, the similarities of all superclasses (if they exist) and the similarities
of all subclasses. Thereby, considered superclasses (parents) and subclasses (children)
include direct and indirect classes in a parent/child relation. Thus, the similarity of the
superclasses of the classes C;; and C;, s°“F(C;q,Cjy,) isdetermined as follows

/* Let A;; be a class of an ontologyl| A €0, and A,€0,
if aAkl‘CilgAkl or aAl2| Cj2 gAl2 then

s (Ci1, Cy,) is not taken into account
else

Let C;;E€{A;}, k=1,n; n21 and Cy, S{A;,}, 1=1,m; m1
for k =1 ton
for 1 =1 tom

/* the values of the similarity of classes from the set
{1, B, .. AL} with classes from {A;,, A,.. A} become
elements of matrix with n rows and m columns

matrix[k][1] = Stern®ri, A1z)
/* By applying Greedy selection method on the matrix list
of the best matched superclasses’ pairs S°F is obtained
S = Greedy Selection Method (matrix)

Tio s ()

ssup(Cil, Cj2) = == m = size of S

The similarity of the subclasses s**°(C;;, Cj,) is calculated in an analogous way [16].
The total similarity Sparent(cila Cjz) of classes C;;and Cj,is calculated as follows

If aAkllAklgCiland 3A12|Al2 c Cj2 then

_ sSP(Ciq, Cyp) +55%(Ci1, Cy2)+Sterm(Ci1/Cy2) |
Sparent(cilr Cj2) - ’

n
n=2 in case when AA7A,,|C; €A, or EAlﬂCj2QZ¥2
(when s°"(C;;, Cy;) is not taken into account.
Otherwise, n=3
else

Sparent(cill Cj2) =0

The resulting similarity matrix Spaen: CONtains calculated similarities between all
Knowledge subclasses (not including predefined classes) from ontology O,with all
Knowledge subclasses of the O, ontology. The best matched classes from Spuen are
achieved using Greedy selection algorithm with the given threshold.

Leaf Classes’ Similarity

In the next phase, only the similarities of leaf classes are calculated. List (leaf) classes
are classes that do not contain their own subclasses. The similarity values calculated by
terminological matcher are allocated to the pairs of leaf classes if some of their parent
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classes are matched by using previous matcher for determining parent similarity. If this
is not the case, or if one of the compared classes has subclasses, their similarity is
sparent(cil' Cjz). In this stage, leaf classes and classes that have only leaf subclasses are
also considered (by using the same principle of assigning similarity values for leaf
classes). The reason for extending the algorithm to these classes is the possibility that a
topics/thematic area in one of the curricula is described in more detail with leaf
subclasses, although it is equivalent to the compared leaf class. This exception is used
for the superclass/subclass relations described in the 1:N algorithm.

Unmatched Parents’ Leaf Classes’ Similarity

The classes belonging to the “unmatched classes structure” take into account the last
step of the calculation of taxonomic structural similarity. The motivation for the
introduction of this algorithm is the possibility that related thematic areas are
represented by a different number of classes’ structures but at the same hierarchical
level. For example, thematic areas/courses related to the study of programming can be
represented by two upper classes structure in one ontology (e.g.
Programming_languages, Object_oriented_ programming), while in the other ontology
related (or even the same) programming topics can be mapped onto subclasses of three
or more upper classes’ structure (e.g. Programming_languages,
Introduction_to_programming, Object_oriented_ programming). In this case, it is
possible that some related (or even the same) topics are mapped onto subclasses that
would not be matched since their superclasses are not paired by the parent 1:1 matcher.

This algorithm uses disjoint property from the OWL (e.g. listed superclasses that
represent programming concepts would not be signed as disjoint) in the following way
[16]:

/* Let Aj..r be a list of matched classes obtained by a
matcher that determines the similarity of the leaf
classes of matched parents.
/* Let the following apply:
{{Alll A bdBn, AnZ}} € Aiear,Cin €{A11.21}, C52E {B12.Buo},
A€ {A5.AL), Bio€ {Bip.Byo}
If Ci; and Cy, are unmatched leaf classes and A2, , By,
defined as disjoint classes and
{211, Bio} | {A11, By} € Arcae, A1 € {A;1.An}, By € {BionBp)
then

Sdisj(cilr Cjz) = Sterm(cill Cjz)
else

Sdisj(cill Cjz) = Sleaf(cilr Cjz)
4.4, Relational Similarity

The relational similarity is calculated only between the Skills subclasses as follows: if
the compared classes C;; and Cj, are connected via hasknowledge object property to the
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Knowledge subclasses that belong to paired classes structures (i.e. there is at least one
pair of Knowledge subclasses {By1, B;;,} obtained by the taxonomic matcher so that
By, is related to C;; and By, to Cj), then pair {Cil,Cjz} gets a similarity value
calculated by the terminological matcher.

45, 1:N matcher

1:N matcher pairs a class of one ontology with leaf classes of another ontology in
“superclass/subclasss” relation, provided that the observed class of one ontology is
matched with the parent class of the leaf classes of the other. It is based on the special
case of the leaf matcher where a list class from one ontology and a class that has only
leaf classes from another ontology are matched. The method for obtaining subclass
relation can be described in the following way.

/* Let A,.; be a list of the matched classes calculated
by a previous relational matcher

1f {Ci;,Csp} €A,y and 3R [A,, SC;; and ARy, |A,, SCy, then

If 2{A11, A} {A1/ A} € Arers A11€ 01, A€0,, A1 E{A;;. AL},

{A;;.A1}ECiy, n 21 then Cy, 2{A;,..A,}

/*{n;,..A;} from ontology O; are subclasses of the Cy,

class from O, ontology

Superclass relation is obtained in an analogous manner.

4.6. Graphical User Interface

The graphical user interface (GUI) of the developed software platform gives an
overview of the ontologies’ hierarchical structure, the information about the classes and
the matching results. The user can choose the input ontological models and the
alignment level (the alignment of secondary school and teacher education curricula
models or the alignment of teacher education curricula models). The system allows the
user to enter the threshold value as well.

The GUI shows the opened ontological models in a tree structure. The classes’
information is shown in the panels on the left side (Figure 3). The class’ information
contain related comments (if they are entered), a label, an associated class (by
hasKnowledge/hasSkill object property) and the class to which it is matched. The
results’ statistics is shown in a separate tab (Figure 4).
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Fig. 3. A part of the classes’ structure of the teacher education curricula models.

After the application of each matcher type, the tables display the matching results in
the “Alignment output” tab (Figure 4). The tables contain paired classes, the relation
type (superclass, subclass, equivalence) and the similarity value. When using a
relational matcher, the table gets an additional column (“Bloom™) that reflects the
consistency of the cognitive domain of Bloom's taxonomy.

Since the local names of some classes (especially Skills subclasses) are the result of
free text mapping (contained in learning outcomes), it was necessary to ensure that the
system is semi-automatic. Hence, the GUI allows the user to improve system accuracy.
Matching results can be changed in “Ontologies” tab (by using drop down menu) and
“Alignment output” tab (by choosing the pairs of classes to be matched and by entering
the similarity values as well as relation type). The equivalence relation is the only
possible type of a relation for all matchers except for the last one. Therefore, the user
can choose one of the following relations {= - equivalence, < - superclass, 2 -
subclass} only after the application of the 1:N matcher. Manual interventions include
the following possible actions:

Adding matched classes’ pair,

Replacing the class belonging to the matched pair with another class,
Changing the obtained similarity value for a pair of the matched classes,
Removing the classes’ pair that is not matched correctly,

Editing the threshold value.
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Fig. 4. Statistical presentation of results.

However, adding a matched pair of classes may include:

— Adding a new pair {Cn: Cjz}, where both classes are unmatched.

— Adding a new classes’ pair {Cu. Cjz}, where C;; or Cj, has already been matched, i.e.:
H{Cma, G2} | M v 3{Cin, G} | KA.

— Adding a new pair {Cn: Cjz}, where both classes are matched, i.e.: 3{C;;, sz}| m#j
A 3{Crr. Cio} | K.
The type of a new relation and the type of the existing relations (for cases 2 and 3)

with a class from another ontology are taken into account when creating new pairs of
classes. Thus, for example, for the case 2:

— if the user defines the relation of equivalence{C;y, C;,}, where 3{Cy, C;} | k#i then
— the relation {Cy,, Cj,} is deleted and a new pair {Cil,Cjz} is established, since one

class can participate in no more than one equivalence relation with a class of other
ontology.

5. Application of the Software Platform to the Ontological Models
of the Teacher Education Curricula

Figures 5 -7 show a part of the results obtained after applying the developed software
system on the input informatics teacher education models. The column "Source class"
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contains reference teacher education model’ classes, while the classes belonging to the
chosen Informatics teacher education model are contained in the “Target class” column.

5.1. The Application of the Algorithm for Calculating the Taxonomic
Structural Similarity

Figure 5 shows paired classes and similarity values obtained after applying all three
phases of the taxonomic structural algorithm. The possible lower similarity values
obtained when comparing the parent classes were taken into account in the experimental
determination of the threshold value (70%). Thus, pairs of parent classes (shown in
rows 11, 12, 14, 16, 17, 21, 23, 26, 31; Figure 5) have a similarity value below 85%,
although they have a similar or identical local name. Such results can be considered as
an expected consequence of calculating the similarity of the parent classes which
includes the similarities of all subclasses and superclasses. There are also pairs of parent
classes whose similarity value is higher, since they belong to very close hierarchical
structures (rows 7, 8, 15, 24, 30, 33). It can be seen from Figure 5 that the classes
related to the mathematical fields are matched with each other, although only an insight
into the names of the classes does not indicate these results (rows 3, 28, 29). However,
by looking at the hierarchical structure, it can be concluded that the matching is correct.

When comparing leaf classes, the similarity value more significantly corresponds to
the probability that the classes are correctly matched. This is indicated by the pairs of
leaf classes shown in rows 6, 9, 13, 19, 20, 25, 32. However, correctly obtained pairs of
leaf classes with slightly lower similarity values are possible (rows 2, 10). The pairs of
classes contained in rows 5, 18 and 27 can be considered as incorrect results of the
application of the taxonomic structural matcher. From Figure 4 it can be seen that the
pairs of classes in rows 5 and 18 belong to paired class structures {Multimedia,
Multimedia_systems} and {Human_Computer_Interaction,
Interaction_human_computer}, respectively. These results are a consequence of the
principle according to which the system searches, lexically, the closest pairs of classes
(with a threshold of 70%) among the subclasses of paired parents. Figure 5 also shows
pairs of classes (rows 1 and 4) obtained by applying the third phase of the taxonomic
structural matcher, i.e. by searching the classes in unpaired and non-disjoint class
structures. The influence of the classes’ label on the similarity value can be seen from
the correctly obtained pair of classes given in row 22. After applying the taxonomic
structural matcher, the percentage of the paired Knowledge subclasses of the reference
model is 46.1%, while the percentage of pairing of the Knowledge subclasses of the
selected model is 59.49%.
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Row | Source class | Target class | Type of . | Similarityv... |
1 Aggregation Aggregations Equival_. 100.0%
2 Aims_and_objectives_of_upbringing Goals_of_education_and_teaching Equival 81.18% |
3 Algebra Mathematics_3 Equival.. 84.3%
4 Animation Animation Equival.. 100.0%
5 Audio_formats Electronic_sound Equival... 78.33%
[ Complex_numbers Complex_numbers Equival. 100.0%
7 Computer_Networks Computer_networks Equival 93.48%
8 Computer_design Computer_systems Equival.. 87.49%
9 Connection_to_Database Connecting_to_databases Equival 98.0%
10 Criteria_for_guality_of_software Quality_assessment Equival... 80.08%
11 Data_structures_and_algorithms Data_structures Equival.. 83.9%
12 Database Databases Equival 84.92%
13 Deterministic_finite_state_machine Finite_automata Equival.. 98.06%
14 Didactics Didactics Equival 84.32%
15 E-learning_types E-leaming Equival... 91.08%
16  Educational_psychology Pedagogical_psychology Equival.. 7571%
17 Educational_software Educational_software_design Equival... 75.28%
18 Entering_data Basic_data_type Equival. 8167%
19 Entity Entity Equival 100.0%
20 Ethernet Ethernet Equival.. 100.0%
21 Evaluation_of_instruction Evaluation_of_teaching_waork Equival.. 71.03%
22 Firewalls Attack_and_protection_of_computer_systems Equival... 100.0%
23 General_Pedagogy Pedagogy Equival.. 82.99%
24 Graphics_design_slements Design_elements Equival 98.64%
25 Hoemomorphisms Homomorphisms Equival.. 100.0%
26 Human_Computer_Interaction Interaction_human_computer Equival 81.91%
27 Human_diversity_in_HCI Characteristics_of_man_and_computer Equival... 71.34%
28 Mathematical_Analysis Mathematics_2 Equival.. 81.11%
29 Mathematics Mathematics_1 Equival 89.04%
30 Modeling_and_simulation Modeling_and_simulations_in_teaching Equival.. 89.04%
k3l Models_and_phases_of the_software_development_pr. Software_processes_and_specifications Equival 74.96%
32 Multimedia_compression_and_decompression Compression_and_decompression_methods Equival... 100.0%
33 Programming_Fundamentals Programming_languages Equival.. 90.56%
34 Software_engineering Software_engineering Equival... 85.51%

Fig. 5. Part of the matched parent classes of the teacher education curricula.

5.2.

The Application of the Algorithm for Calculating the Relational Similarity

The names of the Skills subclass represent the free text contained in learning outcomes.
Therefore, the threshold value was experimentally set to a lower value than in the
previous phase (55%). The "Bloom™ column contains the T mark if the Skills subclass
of the selected model corresponds to a higher level of the Bloom taxonomy cognitive
domain than the corresponding subclass of the reference model. Conversely, the
"Bloom" column is false.

R.. | Source class | Target dlass | Type ... | Simil. |Bloom |
1 Apply_educational_software Evaluate_educational_sofware Equiv.. 850% T
2 Contrast_vedor_and_raster_graphics Master_the_basic_concepts_of_camputer_graphics Equiv.. 716% 1
3 Create_e_leaming_content Analysie_of_tools_for_creating_e-leaming_systems Equiv.. 72.01% L
4 Design_application_communicationg_and_maintaining_t 1 i_the_ . of dalabase_management software Equiv.. 72.18% 1
5 Design_databases Design_a_database Equiv.. 1000% T
6 Design_interactive_user_interfaces_for_diverse_applications Design_user_interfaces Equiv.. 747% T
7  Design_web_pages Creates_a_website Equiv.. 7232% T
8 Identify_the_national_high_school CS_curriculum_intending_to_teach. Knows_the_valid_curriculum_of_informatics_in_primary_and_seco... Equiv.. B2.77% T
9 Implement_basic_algorithms Problem_saling_through_algorithms Equiv.. 7129% T
10 Implement_of_pragrams_of_sufficient_complexity Implementation_user_interfaces_of_computer_systems Equiv.. 7152% T
11 Maintain_computer_system Know_organization_of_computer_systems Equiv.. 7024% 1
12  Seleci_appropriate_e_leamning_approach_to_teach_a_specific_content Analyze_different_e_learning_approaches Equiv.. B6361% T
13 Set_the_mutimedia_on_the_web Create_multimedia_presentations Equiv.. 6274% T
14 Teach_CS_lessons_using_multiple_forms_of_media Organize_teaching_material_in_the_form_of_educational_software  Equiv.. 54.53% T
15 Uderstand_30_madelling Create_a_3d_scene Equiv.. 76.89% T
16 Understand_assembler_programming Use_of_assembly_language Equiv.. 7519% T
17 Understand_computer_networks_supperting_communication_and_collab... Configuring_computer_networks Equiv.. 59.2% T
18 Understand_concepts_and_assertions_of_mathematical_analysis_and_.. Acquire_basic_concepts_of_mathematical_analysis Equiv.. 7413% T
19 _data_ _and_ _at_the_machine_level Understanding_the_work_of_computer_systems Equiv.. 793% T
20 Understand_machine_level_components_and_related_issues_of_compl... L I_the_structural_ _of _at_multiple... Equiv.. 67.88% T
21 Use_Modeling_and_simulation_to_solve_real_world_prablems Uses_modelling_and_simulations_in_teaching_infarmatics Equiv.. 7228% T
22 Use_UML_for_modeling_meaningful Application_of_UNML Equiv.. 63.05% T
23 Use_of_Internet_in_a_safe_and_efficient_manner Using_e-mail_serices_and_www Equiv.. 57.25% T
24 Use_programs_for_computer_graphics Uses_raster_graphics_programs Equiv.. 90.63% T
25 Use_programs_for_text_presentations_spreadsheets Use_of_WS_OFFICE Equiv.. 3333% T

Fig. 6. Matched Skills subclasses of the curricula models.
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Considering that the names of the Skills subclasses represent a free text and that the
similarity value is performed using a terminological matcher (if some of the Knowledge
classes' structures with which the Skills subclasses are associated are matched),
matching accuracy is lower as expected. Thus the pairing results shown in rows 2, 3, 10
and 19 can be considered incorrect. The obtained classes’ pairs, shown in rows 1, 4, 12,
13, 15, 16, 17 and 18 (Figure 6), regardless of the fact that they represent different
levels of the Revised Bloom taxonomy, can be considered as the correct result of
matching.

69.57% of the Skills subclasses of the selected model are matched after the
application of the relational matcher, while the percentage of the matched Skills
subclasses of the reference model is 38.83%.

The unmatching of the Skills subclass is mainly a consequence of the unmatching of
the Knowledge subclasses with which they are associated. Thus, classes like
Implement_knowledge_representation_and_reasoning_system, Assess_possible
applications_and_limitations_of the_Artificial_Intelligence  (associated with the
unmatched parental class Artificial_intelligence), Discuss_intellectual property,
Analyze the_practice_of social_and_professional_responsible_informaticians
(associated with the unmatched parental class Computer_ethics), etc. remain
unmatched.

5.3. The Application of the Algorithm for Calculating 1:N Similarity

Figure 7 shows characteristic pairs of classes in a 1:N relation. Figure 7 shows an
example of a superclass relation. The Management_in_education class of the reference
curriculum model (described additionally by the "School management” label) has no
further subclasses. It is paired with the Organization_school_work class of the selected
curriculum model, and has become a superclass of all the Organization_school_work
class’ subclasses.

| Source class | Target class | Type of relati . | Similarity val . |
1 Management_in_education Organization_of_school_work Equivalence 75.31%
2 Management_in_education Admission_to_employment Superclass 75.31%
3 Management_in_education Development_plan_institutions Superclass 75.31%
4 Management_in_education Information_system_primary_and_secon... Superclass 75.31%
5 Management_in_education Inspection Superclass 75.31%
G Management_in_education Institution_bodies Superclass 75.31%
7 Management_in_education Professional_bodies Superclass 75.31%
8 Management_in_education Institutions_for_development_and_qualit.. Superclass 75.31%

Fig. 7. Matched class in 1:N relations.

5.4, Discussion of the Results

After the application of all phases of ontological pairing, there are Knowledge and Skills
classes that remain unmatched. The reasons for their unmatching can be classified into
two basic categories. One is the lack of topics (thematic areas) and/or learning outcomes
in the compared curricula. The second refers to the possible shortcomings of the applied
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algorithms, which results in some classes corresponding to the equivalent
knowledge/outcomes not being matched. From this it can be concluded that it is either
necessary to improve the curricula so that they contain all the required knowledge and
outcomes or it is necessary to improve the software platform so that it finds all pairs of
classes that represent the same aspects of the compared curricula.

Moreover, a part of the Knowledge subclasses remains unpaired as a consequence of
the different levels of the description of certain thematic areas in the compared
curricula. This especially refers to the pedagogical, didactic and mathematical courses
of the selected teacher's curriculum from the Republic of Serbia, which contains a large
number of topics (thematic areas). The unmatching of the classes representing these
courses does not necessarily mean that they are not included in the compared
(reference) curriculum, but may indicate that the same aspects of the curriculum are
described by a different number of topics. The possible solution to this type of
unmatching is twofold. One direction would be to improve the curriculum by describing
the courses in more detail in accordance with the compared curriculum. Another
solution is to upgrade the software platform so that algorithms that include “more to
more” connections are implemented.

The evaluation of the applied algorithms in our software platform was realized by
comparison with test/reference results. Precision and recall are "the most common
comparison criteria” [26]. These measures are based on a comparison of the expected
and obtained results of the analyzed system. In the context of ontology matching, the
alignment obtained from a system that is the subject of evaluation (A) is compared with
the reference alignment (R). Precision P is the ratio of the number of correctly found
correspondence and the total number of obtained correspondence. Recall R is the ratio
of the number of correctly found correspondence and the total number of expected
correspondence. It is stated in literature [26] that it is sometimes desirable to consider
only one value as a result of comparing the system. However, the systems are often not
"comparable" applying only precision or only recall. For example, a system having high
recall may have a low precision and vice versa. Therefore, evaluation of the system for
ontology alignment [35] usually entails the use of the F-measure that combines
precision and recall.

Analogous to [16][17], a team made up of educational experts evaluated the software
platform. The expert team consisted of 4 university teachers (in the field of methods of
teaching informatics), 2 employees in School Administration (Ministry of Education,
Science and Technological Development) and 2 secondary school informatics teachers.
The expert team determined the reference alignment (expected pairs of classes) for all
possible curricula pairs, i.e. assessed the accuracy of the results obtained by applying
the software platform. The process of defining a reference alignment consisted of two
main steps. The first was a detailed analysis of the compared ontological models of the
curricula done by the team of experts. After that, the expert team defined the reference
alignment by finding pairs of classes that represent equivalent knowledge or skills
(learning outcomes). In this case, with the exception of the superset/subset relation, one
class can be in only one classes’ pair. Thus, the resulting reference alignment contains
the exact set of classes’ pairs that the software platform should ideally provide,
according to the expert team. Also, the team of experts analyzed the obtained pairs of
classes after applying the platform to the input ontological models. The aim was to
determine the number of the correctly obtained pairs of classes as well as the total
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number of obtained classes, i.e. to determine the values of the parameters needed for
calculating precision, recall and f-measure.

In this section the results obtained by comparing teacher education curricula are
analyzed regarding the results obtained by comparing the secondary ACM K12
curriculum model and the teacher education reference curriculum model [16], and
regarding the results obtained by comparing secondary ACM K12 curriculum model
and the chosen teacher education curriculum model [24] in the manner described in
[17]. The values of precision, recall and F-measure for all three combinations of input
ontological models are shown in Figure 8. Figure 9 shows the percentage of the
matched Knowledge and Skills subclasses.

0.84
0.76 0.69 0.73 0.78
0.64 695 065 41 063
M Precision
Recall
M F-measure

Models of the Models of the Models of the
secondary and the  secondary and the chosen and the
reference teacher chosen teacher reference teacher

education curricula education curricula education curricula

Fig. 8. System evaluation for all three combinations of the ontological models

The analysis shows that the values of precision (0.73), recall (0.84) and F-measure
(0.78) are the highest when models of teacher education curricula are compared.
Although this can be seen as an expected consequence of comparing the curricula of the
same level of education, the results are satisfactory, especially as the largest number of
classes was compared (ontological models of teacher education curricula individually
contain significantly more classes than high school curriculum model).

It can be noticed that in the first and third case (Figure 8) the higher values of recall
than the values of the precision were obtained (in the second case the value of recall is
close to the value of precision). These results (along with satisfactorily high precision
value) are in accordance to the reference [36] where "highest priority" is given to the
recall when the ontological matching is a semi-automatic process [16]. In [36], (p 630)
states that “since the burden of deleting false identified pairs by a platform is minimal
compared to the burden of traversing two heterogeneous ontologies that might include
thousands of concepts and attributes and identify similar entities, recall is a much more
important measure”.
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education curricula education curricula education curricula

Fig. 9. The percentage of matched classes for all three combinations of the ontological models

From Figure 9 it can be observed that the percentage of the matched Knowledge
subclasses of the secondary school model is lower when it is compared with the chosen
teacher education curriculum model than when it is compared with the reference teacher
education curriculum model. This could be explained by different taxonomical structure
of the ontological curricula models (structurness of the chosen teacher education
curriculum model is the lowest). That is especially true for “Connection between
mathematics and computer science” topic [16], [17]. Still, a lower percentage of
matching in the second case (Figure 9) primarily indicates that the chosen teacher
education curriculum does not provide the study of thematic areas corresponding to the
unmatched classes of the secondary model.

The higher level of matching between the secondary model and the reference teacher
education curriculum model is expected, since the reference model of the teacher
education curriculum was created according to the recommendations of international
accreditation bodies and the analysis of more than 20 national and international
curricula.

The percentages of the matched Knowledge subclasses are the lowest when teacher
education curricula models are compared (third case in Figure 9). For such combination
of input ontological models, a higher percentage of the matched Skills subclasses is
obtained (compared to matched Knowledge subclasses). These results can be considered
as a consequence of a large number of differently structured Knowledge subclasses
when compared teacher education curricula models. Still, a large number of Knowledge
subclasses is "correctly unmatched" (there are missing thematic areas/courses in the
compared curricula). The percentages of the matched Knowledge and Skills subclasses
of the reference model (the opposite case) are not shown in the table and are similar to
the results of the matching of the chosen teacher education curriculum model. The
results of the comparison of teacher education curricula models (section 5) are in
accordance with the results of the comparison of the other combination of input
ontological models. For example, when comparing the selected teacher education
curriculum model and ACM K12 model, the system has shown that the concepts of
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artificial intelligence are not taught in the selected teacher education curriculum in the
Republic of Serbia. On the other hand, when comparing the ACM K12 model and the
reference model of the teacher education curriculum [17], classes’ structures that
correspond to these concepts are mutually matched. From these results it can be
assumed that the correct result of comparing teacher education curricula models would
be an unmatched class of the reference model representing the principles of artificial
intelligence, which is obtained by the application of the software platform.

6. Conclusions and Future Work

The semi-automatic software platform presented in this paper contains modified
ontological matching algorithms, which enables the comparison of ontological curricula
models of the same level of education i.e. informatics teacher education curricula. The
main contributions of this paper are threefold: 1) model of the selected informatics
teacher education curriculum has been created 2) the part of matching algorithms,
adapted to teacher education curricula models, has been developed 3) comprehensive
evaluation of the software platform and curricula models has been conducted. The
evaluation was realized by unifying and comparing the results obtained for all three
combinations of input ontological models. The results indicate the lack of specific
knowledge (representing pedagogical, didactic and mathematical thematic areas) and
skills in the analyzed curricula, but also the different structure of the ontological
models. Therefore, it is necessary to consider the improvement of the curricula as well
as the introduction of new matching algorithms that would find equivalent class
belonging to related hierarchical structures. Also, the values of precision, recall and f-
measure are lower when comparing curricula of different levels of education than when
comparing teacher education curricula. Hence, in the case of matching secondary and
teacher education models, the need for manual user interventions is greater, which can
be considered as the expected result of the software platform application. Inversely, the
matching of the Knowledge and Skills subclasses is greatest when comparing the
secondary and teacher education curriculum (especially the reference model of teacher
education curriculum).

One of the directions of further research refers to the creation of an ontological
model in such a way that it also contains other important aspects of the curriculum, such
as assessment methods, learning goals, anticipated literature and the like. Also, it is
necessary to explore the possibility of a semi-automatic mapping of informatics
curricula to ontological models. Other directions of future research are related to the
limitations of the software platform and the possibilities of improving its accuracy. This
primarily refers to the applied matching algorithms. Thus, when comparing a series of
words, either in the name of thematic areas (Knowledge subclasses) or in the name of
learning outcomes (Skills subclasses), the terminological matcher does not take into
account the nature of the domain (Computer science/Informatics) or the syntax of the
language. The similarity of the classes’ name depends on the similarity of the separate
words (tokens). For example, in the WordNet dictionary, the same word for computer
science domain can have a completely different meaning. Thus, the word ontology
(WordNet Search, version 3.1) is defined as "a rigorous and exhaustive organization of
some knowledge domain that is usually hierarchical and contains all the relevant entities
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and their relations" (for Computer science domain) or "the metaphysical study of the
nature of being and existence” (in general). Therefore, it is necessary to consider
improvements in the terminological matcher in some of the following ways: using the
semantic domain of WordNet dictionaries, using external dictionaries, using external
computer ontologies or using ACM computer classification.

Since English can be seen as a de facto standard for international recommendations
for Computer science curricula (ACM, CSTA) the software platform uses the English
version of the WordNet dictionary and the ontological models are written in English.
Therefore, another future research aim is to provide conditions for comparing
ontological models in different languages (using the "Inter-Lingual Index" component
of the WordNet dictionary) or comparing models whose classes’ names are in the same
language.

Also, future work will be focused on improving the system performance by applying
the method for the initial rejection of classes that will not be considered. Also, it is
necessary to investigate the accuracy of results with manual interventions of users in
different stages of alignment. One more research aim is to map more curricula onto
ontological models and to use the software platform to examine the accuracy of the
results and the compliance of the curricula.
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