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Abstract: This paper presents a new platform aimed at improving informatics teaching by
computer-aided harmonization of the standardized secondary school informatics
curriculum and curricula by which teachers of informatics are educated. The platform
relies on competency based curricula ontologies and the harmonization method based on
ontology alignment. The secondary school informatics curriculum ontology was built to
comply with the ACM K12 standard, while the teachers’ curriculum ontology was built
based on selected existing curricula, due to the lack of explicit standardization in the field.
A task-specific method for curricula harmonization was developed that relies on standard
ontology alignment algorithms. The prototype software tool was implemented and used by
independent experts to verify the proposed method, by investigating compliance of the
standardized secondary school informatics curriculum and the domain (informatics)
segment of the teachers’ curriculum.
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1

Introduction

The research presented in this paper was motivated by well recognized needs for
frequent and even substantial changes in informatics teaching curricula at primary
and secondary education levels caused by the extreme dynamics of changes in the
informatics field and its complexity, along with labor market increasing IT
competences requirements regarding all professions and all qualification levels.
This gives an important role to existing IT competences and shifts the educational
paradigm “from an input-centered approach to an output-focused student-centered
approach” [1]. In order to keep pace, curricula for educating informatics teachers
must be changed to respond by ensuring the necessary teachers’ competences.
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Hence, the representation of informatics curricula for educating informatics
teachers and informatics curricula of lower levels of education is needed as well as
tools that will facilitate curricula changes while keeping them compliant in terms
of required informatics teachers’ competences.
The rest of the paper is organized as follows. The second section presents related
work. Section three presents briefly, the proposed ontological models of the
curriculum for educating informatics teachers and the informatics curriculum for
secondary education level. Section four presents the procedure underlying the
software tool for curricula harmonization. The fifth section presents verification of
the proposed platform by means of investigation of the compliance of the
standardized secondary school level informatics curriculum and the domain
(informatics) segment of the proposed teachers’ curriculum. Finally, the sixth
section contains concluding remarks, which include an evaluation of the achieved
results and directions for further research.

2

Related Work

In accordance with the research presented in this paper (informatics curricula
harmonization by ontology matching with an emphasis on acquired competences),
the papers dealing with the application of ontology for the representation of the
curricula and papers dealing with ontology matching and its applications to
curricula harmonization were analyzed.
Ontological approaches are increasingly being applied to represent curricula, since
ontology is machine-readable, reusable and sharable [2] [3] [4] [5]. Ontologies can
represent the educational domain from different perspectives [6] [7], providing “a
richer description and retrieval of learning contents“ [2]. According to [3],
ontologies are most appropriate for the development of curricula based on
intended learning outcomes, students' competence and standards. In [4], a
proposal for an ontology curriculum in the field of computing is provided and an
idea of applying ontologies is described by which the user can choose from a drop
down menu the desired learning outcome and, in accordance with the selected
outcome, the corresponding concepts in the ontology developed are labeled. In
[2], ontologies are applied as a basis of software for the development and
maintenance of an educational curriculum that provides information on the length
of instructional units, the duration of instruction, assessment instruments and the
display of untaught lessons and the like. Demartini et al. [5] present an ontology
representing the academic environment as suggested by the Bologna reform. The
proposed ontology does not contain an explicit representation of the curriculum.
Gluga et al. [8] describe a system that models curriculum design in university
teaching programs. The system exploits a lightweight semantic mapping approach
to map learning goals from multiple accrediting sources across the degree. In [9],
a system for representing ACM CS curriculum based on the IEEE RCD standard
is shown.
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A range of different techniques and strategies for ontology alignment have been
implemented in a number of systems, as is evident in [10] [11] [12]. Despite wide
use of ontologies’ application for representing curricula, as well as numerous
publications dealing with researches of matching and alignment of ontologies such
as [13] [14], in contemporary literature one can rarely find examples of
implemented systems for the alignment of ontological representations of the
curricula (different or the same levels of education). In [15] the authors emphasize
the importance of a system for harmonizing curricula that have been modeled
using ontologies. Conceptual maps were created describing the curricula
translated into an ontology, where algorithms for alignment of study programs
were neither described nor implemented.

3

The Ontological Model of Curricula

The main goal of the research presented in this paper was to propose a tool that
would help in determining whether teacher education curriculum provides the
competencies required for teaching in a high school. Therefore, the models of
teacher education and secondary school informatics curricula are based on
competencies and as such, the base class of both ontological models is
Competence. Numerous definitions of competence [16] [17] [18] all agree with
what is presented in [19], i.e., that the notion of competence, regardless the
context, refers to successfully performing a task or activity, that is adequate
acquaintance of some domain’s knowledge or skill. Therefore, in this paper, the
knowledge and skills mapped to specific classes of an ontological model
curriculum (Knowledge and Skills), are represented as subclasses of Competence
as described in detail in [20]. Thematic areas of the curriculum are mapped to
subclasses of the Knowledge class, whereas the skills acquired through the study
of specific subject areas are mapped to the corresponding subclasses of the Skills
class. The Skills subclasses and the Knowledge subclasses are related via the
object property hasKnowledge, that is its inverse property hasSkill. To ensure
interoperability with learning management systems that provide information about
competence, upper ontology classes are modeled in accordance with the IEEE
RCD standard as described in [9].
Analysis of the content and form of teacher education curricula available on the
web sites of institutions in several countries (Germany, Austria, Turkey and the
Republic of Serbia) shows that competencies corresponding to each subject
(course) are determined primarily by two fields: course content and course
outcome. In our model of curriculum course content corresponds to the
Knowledge class and course outcome to the Skills class. Skills are represented by
classes corresponding to the categories of the cognitive process dimension of the
revised Bloom's taxonomy [21], which is the dominant taxonomy in the area of
CS and in general [22]. Exceptions are 'remember' and 'understand' categories,
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which are represented by a single class Remember-understand. Thus, the Skills
subclasses are: Remember-understand, Apply, Analyze, Evaluate and Create.
Since no proposals of standardized curricula models for informatics teachers’
education exists yet, an ontological model of a teacher education curriculum was
created based on our analysis of 22 teacher education curricula from different
countries (Germany, Austria, Israel, Estonia, Turkey, Scotland, USA and R. of
Serbia), as well as the recommendations suggested by [23] [24]. Five general
areas that all curricula for informatics teacher preparation must include are:
Informatics (domain) knowledge, General pedagogical knowledge (educational
psychology, didactics, etc.), Knowledge of the methods of teaching informatics,
Knowledge of teaching practice, General knowledge (foreign languages,
mathematics, the application of ICT in the realization of teaching). These five
general areas were modeled by subclasses of the class Knowledge.
The
hierarchical
structure
of
the
upper
subclasses
of
the
Informatics_domain_knowledge class is based on the classifications shown in [4]
[25] [26]. The ontological model includes all areas of informatics knowledge
contained in most of the analyzed curricula. In the ontological model of the
teacher education curriculum descriptions of classes were further mapped to
labels. Subclasses of the Skills class were created primarily based on ISTE
standards specified in [24] [27]. Skills subclasses were also based on the
outcomes/objectives of the courses contained in the analyzed teacher education
curricula. Based on [21] [28], all the described teaching skills were classified in
the appropriate subclasses of Bloom's taxonomy classes and then associated with
the knowledge to which they can relate.
The ontological model of secondary school informatics curriculum in this paper
was designed strictly following competences designed for the secondary level of
education (K8 or higher levels of standard) of the ACM K12 CS curriculum
proposal [29]. The ontological model of the secondary school informatics
curricula is created in two phase as described in detail in [20].
Using the tool Protégé (http://protege.stanford.edu/), OWL ontologies
representing high school and teachers’ informatics curricula are created, which are
available at addresses www.pef.uns.ac.rs/SecondaryInformaticsCurriculum/
index.html and www.pef.uns.ac.rs/InformaticsTeacherEducationCurriculum/
index.html respectively.

4

Method for Curricula Harmonization

For two ontologies O1 and O2 , matching implies the process of finding an
appropriate entity from O2 for each entity from O1 . Alignment of ontologies is the
output of the matching process and comprises a set of "correspondences" [13]
between ontologies.
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Since the object and data type properties are predefined in advance and are the
same in both ontologies modeling curricula, the proposed method for curricula
harmonization compares only classes of ontologies, so the harmonization model
can be formally written as follows.
If the ontologies modeling two curricula are O1 and O2 , C𝑖𝑘 is an ontology class,
(=), (⊇), (⊆) are equivalence, one-to-many superset/superclass and one-to-many
subset/subclass relations respectively and conf𝑖 is degree of confidence, then the
curricula harmonization model is
Alignment(O1 , O2 ) = {(C𝑖1 , C𝑗2 , conf𝑖 , relation𝑖 )| C𝑖1 ∈ O1 , C𝑗2 ∈ O2 , conf𝑖 ∈
[0,1], relation𝑖 ∈ {=, ⊆, ⊇}} .
Figure 1 shows the diagram of the method proposed in this paper for matching the
secondary school and teacher education curricula.

Figure 1
The procedure of matching secondary school and teacher education curricula

The matching is done in two phases. The first phase, which can be considered as
pre-processing, determines terminological similarity by means of linguistic and
string-based method [13] applied to local names and the classes’ labels. The
obtained similarity matrix is input to the second phase, which consists of the
sequential composition of matchers determining structural, relational and one-tomany similarities respectively. Each matcher of this phase provides input
(similarity matrix) to the subsequent matcher. The best matched pairs of classes
are determined by applying the greedy selection algorithm as described in [30].
Three matchers that calculate structural similarity compare only subclasses of the
Knowledge class in teachers’ curriculum to which topics from domain
(informatics) knowledge are mapped with subclasses of Knowledge class of
secondary school curriculum because classes that belong to non-informatics
knowledge in teacher education curriculum appear in teachers’ curriculum only.
Matching of skills structures (subclasses of the Skills class) is determined through
relational similarity with an aim to check whether the secondary school skills are
at the lower or the same level of Bloom's taxonomy with matched teaching skills.
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User manual intervention is enabled after each matching stage, except after the
terminological stage. Following manual interventions are enabled that preserve the
consistency of one-to-many relations cardinality (e.g. superset/superclass and
subset/subclass) produced by the matcher:
a) Changes in the greedy algorithm’s threshold values
b) Disconnection of the matched classes
c) Changing the correspondence degree of matched classes
d) Replacement of the class in the matched pair
e) Creating a new matched pair of classes
The rest of this section contains descriptions of applied alignment algorithms and
rationales for the choice of algorithms.

4.1

Terminological Similarity

Terminological similarity is determined by applying standard linguistic method
based on the WordNet lexical database to strings that identify particular class.
Labels are used for the additional description of concepts in the curricula; thus,
when comparing classes of two ontologies using a terminological matcher, local
class names and their labels are taken into account.
The similarity between two tokens belonging to the local names of classes is
determined using the Lin information-theoretic similarities [31] in instances where
there are two tokens in the WordNet dictionary. If this is not the case, token
similarity is determined using the Jaro-Winkler method [32] [33]. Applying the
greedy selection method to a matrix consisting of the similarities of all possible
pairs of tokens of compared names of classes, a list 𝑆𝑙𝑛 is obtained that contains
similarities of the best matched pairs of tokens. The total similarity of local names
for the two classes 𝑠𝑙𝑛 (𝐶𝑖1 , 𝐶𝑗2 ) is calculated as:
𝑠𝑙𝑛 (𝐶𝑖1 , 𝐶𝑗2 ) =

2 ∙ ∑𝑚
𝑖=𝑜 𝑆𝑙𝑛 (𝑖)
; |𝑡𝑜𝑘𝑖𝑘 | − # of tokens in local name of 𝐶𝑖𝑘 ; 𝑚 − dimension of 𝑆𝑙𝑛
|𝑡𝑜𝑘𝑖1 | + |𝑡𝑜𝑘𝑗2 |

The similarity of classes’ labels 𝑠𝑙𝑏 (𝐶𝑖1 , 𝐶𝑗2 ) and the similarities between the
local name of the class of one ontology and the label of the class of other ontology
(𝑠𝑙𝑛𝑙𝑏 (𝐶𝑖1 , 𝐶𝑗2 ) and 𝑠𝑙𝑏𝑙𝑛 (𝐶𝑖1 , 𝐶𝑗2 )) are calculated analogously. The total
terminological similarity for classes 𝑠𝑡𝑒𝑟𝑚 (𝐶𝑖1 , 𝐶𝑗2 ) is:
𝑠𝑡𝑒𝑟𝑚 (𝐶𝑖1 , 𝐶𝑗2 ) = max(𝑠𝑙𝑛 (𝐶𝑖1 , 𝐶𝑗2 ), 𝑠𝑙𝑏 (𝐶𝑖1 , 𝐶𝑗2 ), 𝑠𝑙𝑛𝑙𝑏 (𝐶𝑖1 , 𝐶𝑗2 ), 𝑠𝑙𝑏𝑙𝑛 (𝐶𝑖1 , 𝐶𝑗2 ))

4.2

Structural (taxonomic) Similarity

Structural (taxonomic) similarity is calculated in three steps:
 Calculating the similarities of all parent classes
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 Calculating the similarities of non-parent (leaf) classes that are subclasses
of matched parent classes
 Calculating the similarities of non-parent classes that are subclasses of
unmatched parent classes
Such composition of structural algorithms enables manual intervention in order to
support early correction which is necessary because the results of subsequent
matchers depend on the results of the previous ones.
4.2.1

Determining the Similarity of Parent Classes

For the similarity of parent classes a slight modification of the algorithm presented
in [11] is used.
For two parental classes C𝑖1 and C𝑗2 , the similarities of their superclasses
(“parents”), the similarities of their subclasses ("children") and their
terminological similarity are taken into account. There are observed similarities of
all parents and children, not only of direct ones. Similarity between the subclasses
of C𝑖1 and C𝑗2 , denoted by 𝑠 𝑠𝑢𝑏 (C𝑖1 , C𝑗2 ), is determined by the following
algorithm:
/* Let 𝐴𝑖𝑗 be a class of an ontology, 𝐴𝑖1 ∈ 𝑂1 and 𝐴𝑖2 ∈ 𝑂2
If ∄𝐴𝑖1 |𝐴𝑖1 ⊆C𝑖1 or ∄𝐴𝑖2 |𝐴𝑖2 ⊆ C𝑗2 then
𝑠 𝑠𝑢𝑏 (C𝑖1 , C𝑗2 ) = 0
else
Let {𝐴𝑘1 } ⊆ C𝑖1 ,𝑘 = 1, 𝑛; 𝑛 ≥ 1 and {𝐴𝑙2 } ⊆ C𝑗2 ,𝑙 = 1, 𝑚; 𝑚 ≥ 1
for k = 1 to n
for l = 1 to m
/* 𝑠𝑡𝑒𝑟𝑚 (𝐴𝑘1 , 𝐴𝑙2 ) are the values of similarity of classes from the set {𝐴11 … 𝐴𝑛1 } with
classes from the set {𝐴12 … 𝐴𝑚2 }
submatrix[k][l] = 𝑠𝑡𝑒𝑟𝑚 (𝐴𝑘1 , 𝐴𝑙2 )
/* the list of best-matched pairs of subclasses 𝑆 𝑠𝑢𝑏 is obtained applying the greedy
selection method to the submatrix
𝑆 𝑠𝑢𝑏 = Greedy_Selection_Method (submatrix)
/* 𝑠 𝑠𝑢𝑏 (C𝑖1 , C𝑗2 ) is set to the average value of similarities of matched subclasses
𝑠 𝑠𝑢𝑏 (C𝑖1 , C𝑗2 ) =

𝑝

∑𝑙=𝑜 𝑆 𝑠𝑢𝑏(𝑙)
𝑝

, p= size of Ssub

The similarity of superclasses 𝑠 𝑠𝑢𝑝 (C𝑖1 , C𝑗2 ) is calculated analogously using
similarities of each superclass of the C𝑖1 class with each superclass of the C𝑗2 class,
and calculating the average of the matched superclasses. Overall similarity
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𝑠𝑝𝑎𝑟𝑒𝑛𝑡 (𝐶𝑖1 , 𝐶𝑗2 ) , is calculated as the average of the terminological similarities
and previously calculated similarities of superclasses and subclasses, provided that
both classes 𝐶𝑖1 and 𝐶𝑗2 have at least one subclass; if the condition is not met
overall similarity is 0. Modification of algorithm [11] takes place if one of
compared classes has no parent class. In this case, value 𝑠 𝑠𝑢𝑝 (C𝑖1 , C𝑗2 ) is omitted
when calculating average for 𝑠𝑝𝑎𝑟𝑒𝑛𝑡 (𝐶𝑖1 , 𝐶𝑗2 ). That way the impact of the
structural similarity is relaxed, leaving larger number of potentially useful classes
for further matching which is reasonable taking into account the fact that teachers’
and high school curricula have relatively different structures. The similarity matrix
of this structural matcher 𝑆𝑝𝑎𝑟𝑒𝑛𝑡 has 𝑚x𝑛 dimension where m and n are the total
number of Knowledge subclasses in ontologies 𝑂1 and 𝑂2 , respectively. The list of
matched classes 𝐴𝑝𝑎𝑟𝑒𝑛𝑡 is obtained by applying the greedy selection algorithm to
the matrix 𝑆𝑝𝑎𝑟𝑒𝑛𝑡 . The similarities of predefined classes (Knowledge,
Competence) are not taken into account in these calculations.
4.2.2

Determining the Similarities of the Matched Parents’ Leaf Classes

At this stage, the similarity 𝑠𝑙𝑒𝑎𝑓 (𝐶𝑖1 , 𝐶𝑗2 )is calculated as follows:
/* Let 𝐴𝑖𝑗 be the class of the ontology, 𝐴𝑖1 ∈ 𝑂1 and 𝐴𝑗2 ∈ 𝑂2 .
/* Further, let the following apply: 𝐶𝑖1 is a leaf class of ontology 𝑂1 and 𝐶𝑗2 is a leaf class of
ontology 𝑂2 , or 𝐶𝑖1 is a leaf class of ontology 𝑂1 and the 𝐶𝑗2 class has only leaf subclasses,
or 𝐶𝑗2 is a leaf class of ontology 𝑂2 and 𝐶𝑖1 has only leaf subclasses.
If
∃{𝐴𝑙1 , 𝐴𝑘2 }| {𝐴𝑙1 , 𝐴𝑘2 } ∈ 𝐴𝑝𝑎𝑟𝑒𝑛𝑡 , 𝐴𝑙1 ∈ {𝐴11 … 𝐴𝑛1 }, 𝐶𝑖1 ⊆ {𝐴11 … 𝐴𝑛1 }, 𝐴𝑘2 ∈
{𝐴12 … 𝐴𝑚2 }, 𝐶𝑗2 ⊆ {𝐴12 … 𝐴𝑚2 }then
𝑠𝑙𝑒𝑎𝑓 (𝐶𝑖1 , 𝐶𝑗2 ) = 𝑠𝑡𝑒𝑟𝑚 (𝐶𝑖1 , 𝐶𝑗2 )
else
𝑠𝑙𝑒𝑎𝑓 (𝐶𝑖1 , 𝐶𝑗2 ) = 𝑠𝑝𝑎𝑟𝑒𝑛𝑡 (𝐶𝑖1 , 𝐶𝑗2 )

In order to avoid elimination of potentially equivalent classes that are not
described with the same level of detail (by subclasses), in addition to the
comparison of leaf classes, the comparison of non-leaf classes having only leaf
subclasses with the leaf classes is also done.
4.2.3

Determining Similarities of the Unmatched Parents’ Leaf Classes

The similarity of leaf classes 𝐶𝑖1 and 𝐶𝑗2 becomes zero, if no matching of the
parents of 𝐶𝑖1 , with any parent of 𝐶𝑗2 is obtained by applying the first two
structural matchers. This, together with curriculum description, which is far from
being unambiguous for non-standardized curricula, could leave some essentially
related concepts (with different parents), unpaired. For example, in the secondary
school curriculum model the concepts of computer graphics are represented as
subclasses of the Multimedia class, while in many teaching curricula, concepts
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relating to computer graphics and those relating to multimedia, belong to distinct
courses, i.e., in the teacher education curriculum, computer graphics concepts are
represented as special subclasses of the Graphics class, while there is a separate
parent class Multimedia containing no computer graphics concepts at all. Since the
class Multimedia of the secondary school curriculum model is not matched with
the Graphics class of the teacher education curriculum model, but with the
Multimedia class, the previous matcher would calculate zero similarity measure
between classes to which, for example, concepts of raster images are mapped.
This problem is resolved here by explicitly defining disjointed parent classes, i.e.,
the classes Multimedia and Graphics of the teachers’ curriculum are not defined
as disjoint. Then, the principle for determining the similarity of classes
𝑠𝑑𝑖𝑠𝑗 (𝐶𝑖1 , 𝐶𝑗2 ) is as follows:
/* Let 𝐴𝑙𝑒𝑎𝑓 be a list of matched classes obtained by a matcher that determines the
similarity of leaf classes of matched parents.
/* Let the following apply:{{𝐴11 , 𝐴12 } … {𝐴𝑛1 , 𝐴𝑛2 }} ∈ 𝐴𝑙𝑒𝑎𝑓 ,𝐶𝑖1 ⊆ {𝐴11 … 𝐴𝑛1 }, 𝐶𝑗2 ⊆
{𝐵12 … 𝐵𝑚2 }, 𝐴𝑘2 ∈ {𝐴12 … 𝐴𝑛2 },𝐵𝑘2 ∈ {𝐵12 … 𝐵𝑚2 }
If 𝐶𝑖1 and 𝐶𝑗2 are unmatched leaf classes and ∄𝐴𝑘2 , 𝐵𝑘2 defined as disjoint classes and
∄{𝐴𝑙1 , 𝐵𝑘2 } | {𝐴𝑙1 , 𝐵𝑘2 } ∈ 𝐴𝑙𝑒𝑎𝑓 ,𝐴𝑙1 ∈ {𝐴11 … 𝐴𝑛1 }, 𝐵𝑘2 ∈ {𝐵12 … 𝐵𝑚2 } then
𝑠𝑑𝑖𝑠𝑗 (𝐶𝑖1 , 𝐶𝑗2 ) = 𝑠𝑡𝑒𝑟𝑚 (𝐶𝑖1 , 𝐶𝑗2 )
else
𝑠𝑑𝑖𝑠𝑗 (𝐶𝑖1 , 𝐶𝑗2 ) = 𝑠𝑙𝑒𝑎𝑓 (𝐶𝑖1 , 𝐶𝑗2 )

This matcher in the sequential composition is after the matcher determines the
similarity of matched parents’ leaf classes, which favors matched parents’ classes,
but also extends the search space to other non-disjoint classes that could contain
some useful concepts.
All structural matchers calculate similarities only between the Knowledge
subclasses, so the similarities of the subclasses of the Skills class are not changed
by structural alignment step.

4.3

Determining Relational Similarity

The outcomes/objectives of the course or subject areas in our ontological models
are simply mapped to the corresponding subclasses of Bloom's taxonomy classes,
which are the subclasses of the Skill class. This makes determination of the
similarity of classes on the basis of their taxonomic structure inappropriate for this
part of the ontology. On the other hand, the outcomes of the curricula (mapped to
the appropriate Skills subclasses in the ontology) are usually described by a larger
free text, which makes the use of only a terminological matcher inappropriate.
Therefore, the similarity of Skills subclasses in the system is calculated based on
the relation graph. The method for calculating relational similarity applied in the
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paper is based on the principle used in [34]: if the two classes that represent the
domains of object properties (relation) are similar, and if the object properties are
also similar, then the classes representing the ranges of the domain classes are
similar [13]. Relational similarity 𝑠𝑟𝑒𝑙 (𝐶𝑖1 , 𝐶𝑗2 ) is determined as follows:
/*Let 𝐴𝑑𝑖𝑠𝑗 be a list of matched classes obtained by a matcher that determines the similarity
of leaf classes of unmatched parents
/* Let 𝐶𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒𝑖 be the Knowledge class and let 𝐶𝑆𝑘𝑖𝑙𝑙𝑠𝑖 be the Skills class
If 𝐶𝑖1 ⊆ 𝐶𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒1 or 𝐶𝑗2 ⊆ 𝐶𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒2 then
𝑠𝑟𝑒𝑙 (𝐶𝑖1 , 𝐶𝑗2 ) = 𝑠𝑑𝑖𝑠𝑗 (𝐶𝑖1 , 𝐶𝑗2 )
else if 𝐶𝑖1 ⊆ 𝐶𝑆𝑘𝑖𝑙𝑙𝑠1 and 𝐶𝑗2 ⊆ 𝐶𝑆𝑘𝑖𝑙𝑙𝑠2 then
If 𝐶𝑖1 is associated with {𝐴11 … 𝐴𝑛1 }|{𝐴11 … 𝐴𝑛1 } ⊆ 𝐶𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒1 and 𝐶𝑗2 is associated
with {𝐴12 … 𝐴𝑚2 }|{𝐴12 … 𝐴𝑚2 } ⊆ 𝐶𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒2 then
If {𝐴𝑘1 … 𝐴𝑙1 } is the set of all superclasses and subclasses of all classes from
{𝐴11 … 𝐴𝑛1 }, 𝑘 = 𝑛 + 1 and {𝐴𝑜2 … 𝐴𝑝2 } is the set of all superclasses and
subclasses of all classes from {𝐴12 … 𝐴𝑚2 }, 𝑜 = 𝑚 + 1 then
If
∃{𝐴𝑞1 , 𝐴𝑟2 }|{𝐴𝑞1 , 𝐴𝑟2 }Adisj ,
𝐴𝑟2 {𝐴12 … 𝐴𝑚2 } ∪ {𝐴𝑜2 … 𝐴𝑝2 } then

𝐴𝑞1 {𝐴11 … 𝐴𝑛1 } ∪ {𝐴𝑘1 … 𝐴𝑙1 },

𝑠𝑟𝑒𝑙 (𝐶𝑖1 , 𝐶𝑗2 ) = 𝑠𝑡𝑒𝑟𝑚 (𝐶𝑖1 , 𝐶𝑗2 )
else
𝑠𝑟𝑒𝑙 (𝐶𝑖1 , 𝐶𝑗2 ) = 0

If a structure exists in the part of the ontology to which the subclasses of the Skills
class belong (some outcomes are further structured), then for these subclasses,
when calculating a relational similarity, the relations inherited from their
superclasses are taken into consideration. Due to the fact that in our model, the
object property that connects Knowledge and Skills subclasses is known and the
same in both ontologies, "the circularity" which could be caused by using the
relational method [13] is reduced (the similarity of object properties based on the
similarity of the domain and range is not explicitly calculated).

4.4

Determining 1:N Similarity

Previously described algorithms determine to what extent the classes of ontology
𝑂1 are equivalent to the classes of ontology 𝑂2 with cardinality of 1:1. The next
alignment phase enables matching of a class of one ontology with multiple classes
of the other ontology through relation superclass/subclass. The following pseudocode describes the method that determines whether some class 𝐶𝑖1 from 𝑂1 is a
superclass of classes from 𝑂2 .

– 168 –

Acta Polytechnica Hungarica

Vol. 13, No. 3, 2016

/* Let Arel be a list of matched classes obtained by a matcher determining the relational
similarity
If {𝐶𝑖1 , 𝐶𝑗2 }Arel and ∄𝐴𝑙1 |𝐴𝑙1 ⊆ 𝐶𝑖1 and ∃𝐴𝑘2 |𝐴𝑘2 ⊆ 𝐶𝑗2 then
If ∄{𝐴𝑙1 , 𝐴𝑘2 }|{𝐴𝑙1 , 𝐴𝑘2 }Arel , 𝐴𝑙1 O1 , 𝐴𝑘2 ∈ {𝐴12 … 𝐴𝑛2 }, {𝐴12 … 𝐴𝑛2 } ⊆ 𝐶𝑗2 , n ≥
1 then
{𝐴12 … 𝐴𝑛2 } ⊆ 𝐶𝑖1

An analogous procedure is applied to determine whether the class 𝐶𝑗2 is a
superclass of classes from 𝑂1 . After applying this method, a class can be
associated with several classes of the other ontology by superclass and
equivalence relations. Conversely, a class can be a subclass of the ontology class
to which it belongs, as well as, the class of the other ontology.

5

Verification of the Proposed Curricula
Harmonization Method

Based on the models and algorithms described in Sections 3 and 4 of this paper,
the software application for curricula harmonization was implemented using the
Java programming language. Evaluation of the software was carried out by the
expert team composed of 4 university professors in the field of informatics teacher
education, 2 employees in the Education District Offices (Ministry of Education)
and 2 teachers teaching secondary school informatics. Their tasks were to define
the reference alignment and to interpret the results. In the rest of this section the
results obtained by the software tool application to the curricula from Section 3
and the experts’ analysis of these results are presented following the matching
steps (matchers) applied after terminological matching.

5.1

Similarity of the Parent Classes

Figure 2 shows a part of the matched classes of compared curricula obtained by
the first taxonomical/structural algorithm that determines the similarity of classes
that have at least one subclass, with the threshold set to 70%.The percentage of
matched Knowledge subclasses at this stage was 14.9%.
The column "Source class" and "Target class" contain the local names of classes
of ontological representations of secondary school and teacher education
curricula, respectively; the column "Type of relation" identifies the type of
relation between the classes (Equivalence, Superclass and Subclass), while
"Similarity Value" denotes the correspondence value between the matched classes.
The expert team noticed that certain classes with identical names were matched
with the similarity value below 100% and that some classes were matched despite
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not having similar names (Figure 2). The explanation for this is the presence of an
additional description in the labels of teacher education curriculum for some
classes and/or the participation of similarities of superclasses/subclasses in the
calculation of the overall similarity of classes.

Figure 2
Matched classes after applying the algorithm for parent classes matching

In addition, it was found that some classes having the same names in the
secondary school curriculum and teacher education curriculum (for example,
Problem solving) were not mutually matched, but that the Problem_solving class
of the secondary school curriculum and the Problem_solving_phases class in the
teacher education curriculum were matched (row 16); the expert team considered
this as correct, because the subclasses of both matched classes represent stages in
algorithmic problem solving.
Additionally, looking only at the names of the matched classes from Figure 2, the
matching of the classes Levels_of_Language_Software_and_Translation and
Programming_paradigms (row 7) could be considered as false. However, the
topics of secondary school and teacher education curricula (differences and
comparison of high level languages and machine languages, levels of
programming languages, etc.) described by their subclasses are corresponding.
At this level of the application of a structural matcher, the expert team identified a
pair of incorrectly matched classes {Fundamentals_of_Hardware_Design,
Memory} (row 5). However, since their parent classes were correctly matched, this
pair of classes does not influence the similarity of their subclasses, which will be
calculated by the following matchers.

5.2

Similarities of the Matched Parents’ Leaf Classes

Figure 3 displays some matched classes obtained after applying a
taxonomic/structural algorithm that determines the similarity between leaf classes
of the matched parents. The percentage of matched Knowledge subclasses at this
stage was 61.18%.
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The similarity of the matched classes obtained at this stage was determined by the
terminological similarity of their local names and labels, under condition that
some of their parent classes were matched by the matcher calculating the
similarity of parent classes, which explains why classes Repetition and Iteration
were highly matched (Figure 3, row 17). Namely, their non-direct parent classes
Programming_Languages and Programming_Fundamentals had already been
matched (Figure 2, row 17). Further, since the verbs repeat and iterate are
considered as synonymous within the WordNet database, the terminological
matcher showed high similarity for the Repetition and Iteration classes.
An example of matching a leaf class to a class that is the parent of leaf classes is
the
match
{Knowledge-based_Systems,
Semantic_Web_and_knowledge_
representation} (Figure 3, row 12). The class Knowledge-based_Systems has no
subclasses and is a subclass of the Models_of_Intelligent_Behavior class. The
class Semantic_Web_and_knowledge_representation has subclasses and is a
subclass of the Artificial_intelligence class matched with the class
Models_of_Intelligent_Behavior by applying the matcher for calculating the
similarities of parent classes (Figure 2, row 8).

Figure 3
Example of matched classes after applying the second structural algorithm

At this stage, the expert team reported substantially incorrect matches (row 16,
19), which were true candidates for manual interventions.

5.3

Similarities of the Unmatched Parents’ Leaf Classes

According to the previous matcher, some subclasses of the Multimedia class
(Create_edit_and_save_bitmapped_images, Vector_versus_bit-mapped_images,
Create_edit_and_save_vector_images) of the secondary school curriculum had
not been matched with subclasses of the Multimedia class of the teacher education
curriculum. By applying the algorithm for calculating the similarities of the leaf
classes of unmatched parents, these classes were matched with the subclasses of
the Graphics class (Figure 4).The percentage of matched Knowledge subclasses at
this stage was 82.35%.

– 171 –

M. Mandić et al.

Platform for Computer-aided Harmonization of Informatics Curricula

Figure 4
Matched leaf classes whose parents were not paired

Classes that remain unmatched after the application of the structural algorithm
may indicate incompleteness of knowledge in the teacher education curriculum or
incompatible structures of curricula ontologies. Examples of incompleteness in
teacher education curriculum correctly detected by the system are machine cycle
phases, robotics, documentation techniques and elements of user friendly
software. Example of false incompleteness detected in the teacher curriculum,
which is caused by incompatible structures of the curricula ontologies, are those
related to connections between mathematics and computer science where the
unmatched class Functions_including_parameters_and_mathematical_notation in
the secondary school curriculum is a subclass of the class
Connections_between_mathematics_and_computer_science, while in the teacher
education curriculum corresponding knowledge was mapped to a subclass of the
General_knowledge class that does not belong to the CS domain knowledge at all.
Finally, differences in the structure of ontologies arising from the depth of
studying specific topics in the secondary school and teacher education curricula
may result in unmatched classes that do not necessarily point to an inadequate
teacher education curriculum. An example is the thematic area of the secondary
school curriculum ‘Interdisciplinary Utility of Computers and Problem Solving in
the Modern World’ with focuses representing the various applications of
computers including ‘Education and Training’. Since these focuses were mapped
to the leaf subclasses of the class Interdisciplinary_utility_of_
computers_and_problem_solving_in_the_modern_world in the secondary school
curriculum, despite the fact that the teacher education curriculum contains classes
(such as Educational_software and E-learning) that correspond to the focus
‘Education and training’ from the secondary school curriculum, these classes were
not matched with the leaf class Education_and_training, due to the fact that in the
teacher education curriculum they have class structures not considered by the
proposed matchers.

5.4

Relational Similarity

In terms of the lowly-structured subclasses of the Skills class (practically the only
structure by which Bloom's taxonomy is modeled), where the titles and labels of
subclasses usually contain free text, terminological matching significantly affects
the final results. To avoid omitting potentially useful matches that can be used for
manual intervention, in this instance, a lower criterion (threshold) was set in the
determination of the matched classes (60%). Percentage of paired classes was
80.88%.
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A part of the results obtained using the relational matcher determining the
similarity between the subclasses of the Skills class is shown in Figure 5. The
“Bloom” column in the table in Figure 5contains the ⊤ mark if the level of skill in
the teacher education curriculum is higher or equal to the level required in the
secondary school curriculum, or the ⊥ mark if not.
The opinion of the expert team was that some matched classes here are potentially
inaccurate (rows 3, 7, 11 and 14). The classes that were not matched because there
was no corresponding class in the teacher education curriculum were the classes
Explain_the_relationship_between_a_web_server_a_web_page_and_a_browser
and Describe_the_difference_in_the_processing_of_arrays_stacks_and_queues.

Figure 5
A part of matched skills of the secondary school and teacher education curricula

The expert also reported that some outcomes in the secondary school curriculum
were represented by a larger number of skills subclasses than the corresponding
outcomes in the teacher education curriculum. Consequently, some skills from the
secondary school curriculum remain unpaired, even when the teacher education
curriculum contains classes that include these skills (such as
Code_a_program_to_solve_a_stated_problem_using_variables_and_at_least_on
e_decision_or_loop and Use_advanced_search_engine_options_and_refine_
searches_to_locate_information).

5.5

1: N Similarity

An example that justifies application of the 1:N algorithm is the matching of the
subclasses of the Semantic_Web_and_knowledge_representation class and the
Knowledge-based_Systems
class.
Since
the
class
Semantic_Web_and_knowledge_representation contained unmatched leaf
subclasses and the Knowledge-based_Systems leaf class was matched with
Semantic_Web_and_knowledge_representation (Fig 3, row 12), the system
suggested the 1:N relation, i.e., that the subclasses of the
Semantic_web_and_knowledge_representation class (Ontology, Predicate_logic,
Web_ontology_language, etc.) could also be the subclasses of the Knowledge-
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based_Systems class (Figure 6).The total percentage of matched Knowledge
subclasses achieved after the last matching phase was 87%.

Figure 6
Matched classes in “Superclass” relation

5.6

Prototype Performance and Usability

Performance measures Precision (0.64), Recall (0.76) and F-measure (0.695)
were obtained using reference alignment derived by human experts and results
obtained by matching system, which is in accordance with reference [35] that
gives maximum importance to the recall measure when ontology alignment is a
semi-automatic process.
The expert team evaluated these results as acceptable. They also found the tool
useful “as it is” for improving concrete teacher education curriculum in order to
meet the requirements of the ACM K12 curriculum. The acquired class pairs
evaluated as incorrect justify the need for the semi-automatic method for curricula
harmonization.
The obtained quantitative results about the percentage of matched classes and the
preliminary evaluation imply that the model of the teacher education curriculum is
satisfactorily harmonized with the ACM K12 model. Still, the experts reported
that even preliminary results obtained by means of the software prototype
correctly indicate some subject areas that are not covered by the model of teacher
education curriculum (machine cycle phases, documentation techniques, robotics,
user-friendly web design, Interface evaluation, etc.) and that the teacher education
curriculum does not provide all the skills needed for teaching in accordance with
the ACM K12 curriculum proposal. Therefore, it is necessary to improve the
teacher education curriculum so that it represents the missing knowledge and
skills. In addition, some of the unmatched classes indicate incompatible structures
of the ontological models. Typical examples are ‘Connections Between
Mathematics and Computer science’ and ‘Interdisciplinary Utility of Computers’.
Such information makes a system useful for improvement of structure of the
teacher education curriculum model. Also, some Skills classes of the ACM K12
model remained unmatched even in the teacher education model: there is the Skills
class that could be considered as their superclass. Consequently, it is necessary to
improve the teacher education curriculum so that the skills related to programming
and the use of Internet be described in more detail/with a greater number of
classes.
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Conclusions and Future Work
The focus of this paper is the task-specific semi-automated method which can
assist in development and maintenance of the teacher education curricula as to
provide teachers’ competences required by changes in the high school informatics
curricula.
OWL ontologies of standardized secondary school informatics curriculum and the
curriculum for the education of informatics teachers were developed, where the
ontology of the secondary school curriculum relies on the ACM K12 standard,
while the ontology of the teacher education curriculum was designed on the basis
of representative informatics teachers’ education curricula. The ontological
models for both curricula have the same top level of competencies model (classes
Knowledge and Skills) and the same relational structure (hasKnowledge, hasSkill).
The task-specific semi-automated method based on standard algorithms for
ontology alignment for curricula comparison was proposed, and a software tool
prototype was developed supporting the proposed method. Using the software
prototype and curricula ontologies, the team of experts consisting of university
professors in the field of informatics teacher education, employees of the
Education District Offices (Ministry of Education) and teachers teaching
secondary school informatics carried out verification of the proposed approach by
means of investigation of the compliance of the standardized secondary school
curriculum with the teacher education curriculum.
There are two advantages of the proposed curricula model. The first one is
machine readable representation of both curricula that facilitates exchange and
joint development of curricula, while the second one is its capacity to support
representation of the standardized curricula, which is confirmed by ontology
representing ACM K12 compliant secondary school curriculum. The constraints
are model’s capacity to represent some important additional curriculum aspects
(instructional design, teaching materials, etc.) and its heavy reliance upon
competences not being easy to define unambiguously. The latest is confirmed by
experts reporting that the values of similarity, as well as the adequacy of
matching, were lower in classes modeling the outcomes/skills of subject areas or
courses. Extending ontologies as to comprise other curriculum aspects could
alleviate the first constraint, while the second one could be alleviated by better
structuring the ontology part that represents skills and/or by utilizing fuzzy
ontologies. Future research concerning curriculum model will take these
directions.
The main advantages of the proposed curricula harmonization method are the
utilization of the standard ontology alignment methods for curricula comparison
modified as to exploit the model of competences common to both curricula, and
manual intervention option available to experts that could provide for acquiring
and integrating deeper experts’ knowledge into curriculum model. The need for
manual intervention option is already confirmed by independent experts’ reports
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indicating that some of the class pairs obtained at certain stages do not reflect the
real similarity between equivalent concepts in the curricula. The constraints are
close coupling of the method with the ontological model and performance issues.
The architecture of the matching engine enables simple introduction of other types
of matchers (like internal structural similarity or extensional methods) and/or
modification of the existing ones in accordance with ontological model thus
relaxing the first constraint. One way to improve performance is to apply some
procedures for the early elimination of matching candidates. Future research
regarding the system’s performance will also explore the possibilities of using the
approach described in [36]. Last but certainly not least important, a further
research direction is the improvement of the evaluation by means of increasing the
set of curricula to be evaluated and extending the experts team.
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