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 
Abstract—Testing the first year students of Informatics at the 

University of Debrecen revealed that students start their tertiary 
studies in programming with a low level of programming knowledge 
and algorithmic skills. The possible reasons which lead the students 
to this very unfortunate result were examined. The results of the test 
were compared to the students’ results in the school leaving exams 
and to their self-assessment values. It was found that there is only a 
slight connection between the students’ results in the test and in the 
school leaving exams, especially at intermediate level. Beyond this, 
the school leaving exams do not seem to enable students to evaluate 
their own abilities.  
 

Keywords—Deep and surface approaches, metacognitive 
abilities, programming and algorithmic skills, school leaving exams, 
tracking code. 

I. INTRODUCTION 

OMPUTER Sciences and Informatics (CSI) education 
absorbs a large number of students, inviting and accepting 

more and more of them into tertiary education [1]. This would 
be the most natural course of events, considering the 
development of CSI in the last couple of decades. However, it 
is not that simple. The increase in the number of students 
entering tertiary CSI education raises many questions that 
need to be considered. Are the students prepared for advanced 
CSI studies? Do they know what advanced studies in CSI 
mean? Are the universities and colleges prepared for this new 
generation of students with all their advantages and 
disadvantages? 

However, one thing is for sure: studies in tertiary CSI 
education require an advanced level of algorithmic skills. We 
have been expecting that with the introduction of CSI into 
primary and secondary education the students will arrive at the 
Faculty of Informatics with at least an intermediate level of 
algorithmic skills, which would serve as the basis for further 
studies in programming. However, the high number of dropout 
students and the high number of semesters spent in these 
studies would suggest [2], [10], [18] that there is a level of 
misunderstanding between the students and these higher 
education institutions. One of the reasons for this 
misunderstanding could be the different expectations of the 
parties involved, while another could be students’ preparation 
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for these studies, i.e. the knowledge brought from previous 
studies. To see clearly how developed the students’ CSI 
knowledge is, their concept of computer, their usage of 
terminology, and their algorithmic skills at the point they start 
their studies as programmers in different majors, we launched 
a project called Testing Algorithmic and Application Skills 
(TAaAS) in the 2011/2012 academic year at the University of 
Debrecen, Hungary [15]–[21], [13]. In this study we focus on 
the algorithmic skills of the students in the three different 
majors of the Faculty of Informatics. 

II. METHODS 

A. Sample 

The TAaAS project was launched at the beginning of the 
2011/2012 academic year at the Faculty of Informatics of the 
University of Debrecen, Hungary. The tests used in the project 
were repeated in the following two years with the students of 
the three major programming BSc courses: Software 
Engineering (SOE), System Engineering (SYE), and Business 
Information Management (BIM) (Table I). 

 
TABLE I 

THE NUMBER OF STUDENTS PARTICIPATING IN THE TAAAS PROJECT AT THE 

UNIVERSITY OF DEBRECEN 
 SOE SYE BIM Sum 

2011/2012 115 86 109 310 

2012/2013 108 111 101 310 

2013/2014 115 115 90 320 

Sum 338 312 300 950 

SOE – Software Engineering, SYE – System Engineering, BIM – Business 
Information Management 

 
The testing takes place on the first week of the first 

semester, right at the beginning of the students’ studies in 
tertiary education. Our purpose in administering the tests at 
this point was to test the knowledge the students brought in 
from previous studies, the knowledge whose official source is 
primary and secondary school courses in CSI. 

The testing has two phases in a strict consecutive order. In 
the first phase the general and self-evaluation questionnaire is 
filled in and is collected; subsequently, the real test is 
administered. In this paper we report the results of the tests’ 
two programming tasks, compared to the students’ self-
assessment values and their results in the school leaving 
exams in Informatics [5]–[7]. 

The school leaving exams in Hungary run on two levels: 
intermediate and advanced. On both levels, there is a written – 
problems to be solved on computers – and an oral section [6], 
[7]. In the written section at intermediate level only 
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application tasks are included, while at the advanced level 
there are more demanding tasks, mainly in terms of 
complexity, including applications tasks and one programming 
task. 

The self-assessment test was launched in the 2012/2013 
academic year, after recognizing in the first year of the project 
that the students’ results do not harmonize with the 
expectations of the different participants in tertiary education. 
In the 2012/2013 academic year a 6-point Likert-scale was 
offered to mark the self-assessment values, while in the 
following year the students were asked to provide this value as 
a percentage. In this paper we focus on the algorithmic skills 
of the students; consequently, only the programming self-
assessment values are considered. 

Unfortunately, for security reasons, we do not have access 
to the data regarding the students’ results in the programming 
section of the advanced level school leaving exam, the year in 
which the students completed the school leaving exam, and 
the year they started their secondary education. These data 
would provide further insights into the circumstances and the 
knowledge the students bring in, but both the university and 
the government of our country refused our request. The year 
of the school leaving exam and the starting year of secondary 
education would be important because in the 2009/2010 
academic year a new base curriculum was launched in 
Hungary. In this curriculum the number of CSI classes in 
secondary education was almost tripled – it was increased 
from to 2 to 5.5 classes – and we were interested to see the 
effect of this change, if any. Since we do not have access to 
data on the students’ secondary education, we use the year of 
entry in tertiary education, assuming that most of the students 
in Hungary arrive in tertiary education straight after finishing 
secondary education. 

B. Tasks 

The tasks used in the project are borrowed from the 
programming section of the Nemes Tihamér National 
Competition of Informatics in Hungary, 2008/2009, round I, 
level 5–8th grades (Figs. 1 and 2). 

 

 

Fig. 1 Task 1, testing the knowledge of logical operators [3], [4] 
 
In Task 1 nine questions have to be answered, based on the 

source code and the nine pairs of inputs. The source code is a 
multilevel IF structure testing the knowledge of logical 
operators. The task is lightened to some extent, compared to a 

real programming task, since the answers are one of the four 
numbers of the possible outputs of the algorithm – 0, 1, 2, and 
3. We must point out here that the context in which the code is 
placed does not make any difference to the answers; it is only 
a decoration. 

 

 

Fig. 2 Task 2, testing the students decoding ability in a context based 
environment [3], [4] 

 
Task 2 is more demanding than Task 1. In this task three 

pseudo codes are presented – Task 2.1, Task 2.2, and Task 2.3. 
These codes should be decoded and the answers should be 
given in full natural language sentences. However, unlike 
Task 1, here the environment of the task has to be taken into 
consideration, and the answer sentences should be placed in 
the given context. 

Both Tasks 2.1 and 2.2 are counting problems; however, 
Task 2.1 is less difficult than Task 2.2, since in the latter there 
is an AND connection in the condition. Task 2.3 is made even 
more difficult because here a maximum selection should be 
recognized, as well as the maximum of the increasing slopes. 
Two different actions – selecting the maximum and the 
condition – are embedded into this code, and consequently 
they are not as obvious as in Task 2.2 [8], [9], [22]. 

The students’ results were evaluated using the different 
levels of understanding of the SOLO taxonomy [11], [12], 
[14], [23], [24]. 
• Ignored (1) 
• Prestructural (2) 
• Unistructural (3) 
• Multistructural (4) 
• Relational (5) 
• Extended abstract 

The extended abstract category was left out, due to the 
special context and environment of the task. We did not ask 
nor expect our students to give answers beyond this special 
environment. However, one additional category was added to 



International Journal of Business, Human and Social Sciences

ISSN: 2517-9411

Vol:9, No:2, 2015

437

 

 

the already existing categories, with a value of 1, for those 
students who ignored the tasks, and/or marked them as ‘I do 
not know.’ For further details of the ratings see [20]. 

C. Hypotheses 

The testing of the first year students of the Faculty of 
Informatics could provide answers to our hypotheses and 
further guidelines for their tertiary studies, considering the 
knowledge which they bring from previous studies. 
H1. The test results of the SOE students are higher than those 

of the other two programming majors. The SOE students 
arrive with a higher level of algorithmic skills than the 
other majors. 

H2. The higher results in the school leaving exams in 
Informatics lead to higher results in the test. 

H3. The higher results in the school leaving exams in 
Informatics make the students more confident; 
consequently, the higher results in the school leaving 
exams lead to higher self-assessment values. 

H4. The students’ results in the 2013/2014 academic year are 
higher than in the previous years, because this is the first 
year in which students studied CSI in secondary education 
with the increased number of classes. 

III. RESULTS 

In the preliminary phase of the statistical analysis the 
students’ results in the four tasks, in the different years and in 
the different majors were analyzed and compared to the self-
assessment values.  

 

 

Fig. 3 The comparison of the self-assessment values and the results in 
the four tasks of the test of the students of the three programming 

majors in three academic years 
 
Fig. 3 shows that the order of difficulty of the tasks from 

the easiest to the most difficult is: Task 1, Task 2.1, Task 2.2, 
and Task 2.3 – the difference, based on the Friedman-test is 
significant, p<0.001. Beyond this result, the Mann-Whitney-
tests (p<0.001) proved that Task 1 is significantly easier than 
the other three problems. The graphs in Fig. 3 also show the 
order of the majors. The SOE students achieved the best 
results, followed by the SYE students, and the results of the 
BIM students are the worst. If the results of the majors are 

compared regardless of the year of the test – sample is 
presented in the last row of Table I –, a significant decrease 
was found in the previously mentioned order of the majors 
(Jonckheere-Terpstra Test: p<0.001, in all four problems). 

In the comparison of the years, a slight improvement in the 
results was detected in all four problems; however, the 
differences are not significant if the results of the 2013/2014 
academic year are compared to the average of the other two 
years (with the Mann-Whitney probes the lowest is p=0.201). 

A. Knowledge-Based Clusters of Students 

The students’ results are the highest in Task 1 in all the 
three years and in all the three groups. These results were used 
to create knowledge-based clusters of the students tested. 
Cluster 4 consists of those students who ignored or partly 
finished Task 1. The input for the cluster analysis was the nine 
variables of the completed task – the nine questions of Task 1 
– and the four optional answers of Task 1 – 0, 1, 2, and 3. 
These values served as categorical data for the Two-step 
Cluster Analysis in SPSS. Based on these premises, three 
clearly distinguishable knowledge-based clusters were found – 
Clusters 1–3. This structure of clusters exactly matches the 
structure which was found by testing students from different 
Hungarian universities and colleges [13]. 

The results of the three clusters are presented in the nine 
graphs of Fig. 4, where the title of the graphs shows the order 
of the problems and their input values (Fig. 1, X-Y pairs). The 
domain of the graphs is the four possible solutions to the 
problems (Fig. 1, source code), while the range is the 
percentage of the correct answers in the clusters. 

 

 

Fig. 4 The results of Task 1 in the 3+1 clusters 
 
The students in Cluster 1 solved Task 1 with excellent 

results; consequently, the black columns in Fig. 4 show the 
correct answers to all the nine pairs of inputs. Cluster 2’s 
results fluctuate, without any recognizable pattern. However, 
the results of Cluster 3 are quite remarkable. On one hand, this 
cluster did well in those problems where the inputs were A 
and B (Fig. 4, problems 1, 2, 4, and 5). On the other hand, if 
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any of the inputs was 0 they provided a 0 output, regardless of 
the algorithm (Fig. 4, problems 3, 6, 7, 8, and 9). The major 
characteristic of Cluster 3 is that these students have a limited 
knowledge. This means that until they reach their limit their 
problem-solving ability is quite reliable. However, when the 
problem is more demanding these students are lost, and from 
that point on the quality of their performance is extremely low. 
The other characteristic of this group of students is that they 
try to find escape routes in a quite arbitrary way and this 
strategy leads to results lower than those for Cluster 2. 

 
TABLE II 

THE 3+1 CLUSTERS’ SELF-EVALUATION VALUES (S-A), THEIR RESULTS IN 

THE TASKS, AND IN THE SCHOOL LEAVING EXAMS AT INTERMEDIATE (ISLE) 

AND ADVANCED LEVEL (ASLE) 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

N 279 168 195 308 

S-A (%) 46.9 39.1 31.9 23.3 

Task 1 (%) 99.8 65.8 52.1 0.0 

Task 2.1 (%) 57.3 43.5 38.3 19.2 

Task 2.2 (%) 46.1 27.5 19.7 10.3 

Task 2.3 (%) 38.8 24.7 17.3 8.4 

ASLE (%) 
74.6 

(N=85) 
67.2 

(N=35) 
65.3 

(N=27) 
63.6 

(N=33) 

ISLE (%) 
84.1 

(N=154) 
82.2 

(N=110) 
81.5 

(N=135) 
81.5 

(N=206) 

 
The connections between the 3+1 clusters and the years of 

the test and the majors of the students were investigated. 
These data served as the variables of the loglinear model. It 
was found that for the three variables – year, major, cluster – 
fit the (major×cluster year) loglinear model (χ2(2)=16.6, 
p=0.16). This means that there is a connection only between 
the clusters and the majors. The data supporting this 
connection are presented in Table III. 

 
TABLE III 

THE NUMBER AND THE PERCENTAGE OF THE STUDENTS IN THE 3+1 CLUSTERS 

WITHIN THE MAJORS 
  Cluster 1 Cluster 2 Cluster 3 Cluster 4 

BMI 
N 
% 

47 
15.7 

42 
14.0 

66 
22.0 

145 
48.3 

SYE 
N 
% 

78 
25.0 

65 
20.8 

67 
21.5 

102 
32.7 

SOE 
N 
% 

154 
45.6 

61 
18.0 

62 
18.3 

61 
18.0 

Total 
N 
% 

279 
29.4 

168 
17,7 

195 
20.5 

308 
32.4 

 
The percentage of students in Cluster 2 and 3 is similar in 

the all the three majors. However, in Cluster 1 and 4 there are 
differences in all the three majors (Khi-square probe: 
χ2(6)=101.7, p<0.001). The loglinear analysis proved that 
there is no connection between the clusters and the years; 
consequently, the four clusters in all the three years occurred 
with similar percentages. 

B. Clusters and the Results of the School Leaving Exams 

The clusters and the results of the school leaving exams also 
show differences: the students’ results in the school leaving 
exams are not equal for each cluster (Table II). Cluster 1 is 
significantly better at both intermediate and advanced levels 

than the other three clusters (Kruskal-Wallis probe advanced 
level: χ2(3)=14.7, p=0.002, Kruskal-Wallis probe intermediate 
level: χ2(3)=8.7, p=0.033), and the difference is greater at 
advanced level (Fig. 5). The results for Cluster 1 in the 
Informatics school leaving exam are significantly higher than 
the three other clusters together at advanced level (Mann-
Whitney probe: p<0.001) and also at intermediate level 
(p=0.002). However, no significant difference was found in 
Clusters 2, 3, and 4 at either level. 

 

 

Fig. 5 The results of the school leaving exams in the 3+1 clusters at 
intermediate and advanced levels 

 
This result leads us to the conclusions that (1) Cluster 1 

exceeds the other clusters, and, beyond that (2) the school 
leaving exams are not able to distinguish between the three 
levels of “weaknesses” recognized in Clusters 2, 3 and 4. 

C. Clusters and the Results of Task 2 

It is clear from the data presented in Table II that in the 
three pseudo codes of Task 2, with the increase in the number 
of the clusters the results of the students are significantly 
lower (Jonckheere-Terpstra Test: p<0.001 in all the three 
codes). The Mann-Whitney test proved that in all the three 
pseudo codes the adjacent clusters differ significantly 
(p<0.05), with the exception of Clusters 2 and 3 in Task 2.1, 
but even in this case the direction of the difference is the same 
as with the other pairs. This exceptional behavior of Cluster 3 
can be explained by their already mentioned limited 
knowledge. Since Task 2.1 is the easiest among the three 
pseudo codes, the knowledge which is required to solve this 
problem might be close to their limit. 

In the following phase of the analyses the results of Task 2, 
in the 3+1 clusters found in Task 1, were further examined. As 
was mentioned in Section II.B, in the evaluation process of the 
tasks the SOLO categories of understanding were applied and 
modified to match our circumstances, with values ranging 
from 1–5 (Fig. 6).  

Similarly to Task 1, the students in Cluster 1 achieved the 
best results in the three problems. However, we must note here 
that the percentage of those students who could not solve these 
problems even in Cluster 1 is high. This means that compared 
to Task 1, where this cluster’s result was close to the 
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maximum, the decoding of these simple pseudo codes seems 
too difficult for them. It is also clear from Fig. 6 that the 
percentage of those students who were not able to solve these 
problems increases with the order of the clusters and within 
the clusters with the order of the pseudo codes. These results 
justified our original intentions, considering the order of the 
pseudo codes and their presentation in ascending order of 
difficulty. 

The graphs in Fig. 6 present the characteristics of the 
differences between Clusters 2 and 3 more subtly. It is clear 
that there is a higher percentage of students in Cluster 2 
reaching level 3 than in Cluster 3. This is the consequence of 
Cluster 3 stopping at level 1, due to their ignorance of the task. 
Cluster 4 provided the lowest results in all the three pseudo 
codes. 

 

 

Fig. 6 The results of task 2 in the 3+1 clusters 

D. Self-Assessment Values and the Results of the School 
Leaving Exams 

In the 2012/2013 and 2013/2014 academic years we 
collected data to compare the students’ self-assessment values 
with their results in the test and in the school leaving exams 
(Section II A). At advanced level school leaving exams 
(ASLE) we found a moderate positive correlation, while at 
intermediate level (ISLE) there was only a weak or negligible 
positive correlation (Table IV). 

These results imply that there is no direct connection 
between the self-evaluation of the students and their results in 
the school leaving exams. We can conclude that when forming 
their self-assessment values the students do not consider the 
school leaving exam as a reliable source. This is especially 
true for the intermediate level exams, while at advanced level 
the results of these exams might influence their self-
evaluation. 

 
 
 

TABLE IV 
THE RESULTS OF THE COMPARISON OF SELF-ASSESSMENT VALUES AND THE 

TEST RESULTS (SPEARMAN'S RHO) 

 2012/2013 2013/2014 

ISLE 
0.16 

p=0.031 
0.09 

p<0.208 

ASLE 
0.36 

p<0.005 
0.52 

p<0.001 

E. The Results of the School Leaving Exams and the TAaAS 
Tasks 

In the next phase the question was how the results of the 
school leaving exams affect the results of the tasks of the 
TAaAS test. In the case of the advanced level school leaving 
exams a moderate correlation (Spearman’s rank) was found 
between the results of the tasks and the school leaving exams 
(Table V). However, the analysis found that at intermediate 
level the connection is less strong, and only a weak effect is 
detectable. 

 
TABLE V 

THE RESULTS OF THE COMPARISON OF THE SCHOOL LEAVING EXAMS AND 

THE TEST (SPEARMAN'S RHO) 

 Task 1 Task 2 Task 2.1 Task 2.2 Task 2.3 

ISLE 
0.09 

p=0.022 
0.22 

p<0.001 
0.23 

p<0.001 
0.20 

p<0.001 
0.17 

p<0.001 

ASLE 
0.26 

p<0.001 
0.42 

p<0.001 
0.38 

p<0.001 
0.31 

p<0.001 
0.37 

p<0.001 

 
The comparison of the results of the test and the school 

leaving exams indicates that our school leaving exams are not 
able to measure the level of the students’ programming 
abilities and their algorithmic skills. This result highlights one 
unfortunate characteristic of the application tasks at both 
levels, namely, that solving these tasks does not require any 
algorithmic skills. At advanced level the effect of the 
programming task on the students’ algorithmic skills is 
detectable, but the three application tasks dominate the output 
of the school leaving exams. 

IV. CONCLUSION 

The algorithmic skills of Hungarian students of Informatics 
were tested at the first week of their tertiary education in three 
consecutive academic years. The timing was set deliberately 
for the first week of the first semesters to enable us to see what 
programming knowledge and skills are transferred from 
previous CSI studies into tertiary courses specialized in 
programming. Beyond that we wanted to see, based on further 
data available to us, what other circumstances would alter the 
students’ results and their beliefs about their results. 

Our first hypothesis, regarding the order of the three majors 
of the faculty, was proved. It is clear from the results of the 
students that the order of the majors is SOE, SYE and then 
BIM, moving from the highest results to the lowest, 
respectively. Consequently, the SOE students start their 
university studies with highest level of programming 
knowledge and algorithmic skills. We have to note here, 
however, that the tasks were borrowed from a programming 
competition for 5–8th graders, aged 11–15 years. The results 
proved that even the best students are at the level of well-
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developed primary school students. 
A slight increase in the students’ results is detectable in the 

following years; however, the differences found are not 
significant. The 2013/2014 academic year would be the first 
year when those students starting their tertiary education who 
arrive from secondary education have studied informatics in 
an increased number of classes. The fact that the 2013/2014 
academic year does not show significant differences might be 
due to several reasons: not all the students started their 
secondary education in 2009; the number of classes did not 
increase because classes were already held at that frequency or 
higher, especially in CSI-specialized high schools; the 
increase in the number of classes alone does not guarantee a 
higher level of algorithmic skills; formal studies in CSI should 
start earlier than grade 9. To prove or dismiss the fourth 
hypothesis further data and investigations are required. 

A connection between the results of the school leaving 
exams and the results of the test was only found in the best 
cluster, Cluster 1, at both levels of the school leaving exam, 
but the difference was greater at advanced level. However, 
there was no difference in the results of the school leaving 
exams in the other three clusters. This means that with the 
exception of the best students, regardless of the level of 
knowledge and algorithmic skills the school leaving exams 
can be completed with similar results. Our second hypothesis 
is only proved in the case of the best students. We can 
conclude that the school leaving exams are not able to 
distinguish the different levels of algorithmic skills and 
programming knowledge. These exams are only able to 
distinguish two categories: (1) those students who know 
something, who have an acceptable level of algorithmic skills, 
and (2) the others. Consequently, the five grades of the school 
leaving exams and the percentage of the results are 
meaningless numbers. 

In the comparison of the results of the school leaving exams 
and the self-assessment values no strong connection was 
found. At advanced level a moderate, while at intermediate 
level only a weak positive connection was detected. We can 
conclude that the results of the school leaving exams might 
influence students’ self-evaluation, more at advanced level 
than at intermediate level, but other factors might also play 
important roles. In conclusion, we can say that the school 
leaving exams are not considered, especially at intermediate 
level as something which would measure CSI knowledge. The 
students’ intuition was proved by our analyses – with the 
rejection of our second hypothesis –, namely, that the school 
leaving exams in Informatics are not able to differentiate 
between the different levels of CSI knowledge. Consequently, 
our third hypothesis is neither proved nor rejected, but it is 
highly unlikely that the students are influenced by the results 
of their school leaving exams. 
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