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Abstract

Rapid technological development and progress lead to the need for better and
more efficient education which should prepare the applicant for increasingly flexible
labour market. The goal of this research is to create models for prediction of
student’s efficacy, compare them, find the key factors that confribute to more
efficient studying in the Republic of Croatia, and finally determine how efficient
studying is related to first employment. Models will be based on students’ data and
hypothesis will be tested using multivariate statistical methods (multiple regressions,
Cronbach’s alpha), decision frees and neural networks. Data will be collected by
stfructured questionnaire and will consist of demographic and economic data,
information about previous education, aftitudes towards learning, and goals after
completing studies and information about the first employment. Students’ efficacy
will be measured by grade point average in college. This research will fry to increase
our understanding of how different factors influence students’ performance and
how students’ efficacy affects the speed and conditions of finding the first
employment.

Keywords: efficacy of studying, education, neural network, decision trees
JEL classification: 1230, C450

Infroduction

With the accelerating technological development and progress, learning and
education are taking on a more important role in the development of our society.
Data mining has been used in industries for a long time and for a variety of
applications in order to achieve profitability. Similarly, data mining techniques can
be applied on universities. This field is called educational data mining. It concerns
developing methods that discover knowledge from data that come from
educational settings, and using those methods to better understand students
(Romero et al., 2008). Educational Data Mining focuses on developing new tools and
algorithms for discovering data patterns. EDM uses techniques from statistics,
machine learning and data mining to analyse data from educational environment
((Romero et al., 2013).

The discovered knowledge can be used to improve teaching process, for better
understanding of students' behaviour, for predicting enrolment of students into
various courses, to assist instructors, for predicting student performance, to evaluate
and improve e-learning systems, to improve curriculums, for dropout students and
many other benefits (Ali, 2013). There are four main stakeholders involved in
educational data mining process: Learners who are dealing with student needs and
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methods to improve the learner’'s experience and performance, Educators who
attempt to understand learning process and fry to find methods they can use to
improve their teaching methods, Researchers who focus on the development and
the evaluation of data mining techniques for effectiveness and Administrators who
are responsible for allocating resources for implementation in institutions (Romero et
al., 2013).

In this paper, we wil focus on predicting student performance. Among the
popular techniques to predict student performance are: classification/regression
methods such as Bayesian networks (Minaei-Bidgol et al., 2003, Bekele et al., 2005,
Thai-Nghe et al., 2009), logistic regression (Cen et al.,2006), linear regression (Feng et
al., 2009), decision trees (Thai-Nghe et al., 2007, Baradwy et al., 2012), Romero et al.,
2008), neural networks (Romero et al., 2008) and support vector machines (Thai-
Nghe et al., 2009). We want to make a predicting model from student data which
will predict students’ performance based on demographic and economic data,
information about previous education, attitudes towards learning and goals after
graduation and also, we want to see if there is a relationship between academic
performance and first employment.

Data will be collected by a structured questionnaire and will include the data
from 300 students from different Croatian faculties of economics and business. The
main hypothesis is that there are different factors which affect students’
performance and that more successful students (with higher grades) find better
employment (higher first salary, shorter job search).

Research model
We want to isolate factors that influence students’ success measured by the
average grade. There are many researches dealing with different factors that
influence student’s success, but there are only a few researches that are dealing
with the combination of factors, especially in Croatia (Zeki¢-Susac, 2009).
There are many studies that examine the impact of parents' education on the
educational achievement of their children (Ermischet al., (2001); Johneset al., (2004);
Black et al. (2005); Ishitani (2006), Ortiz et al., (2008) and Stratton et al., (2008)). There
are also many studies dealing with the influence of age on students’ success, but the
results are inconsistent. Some studies show a negative relationship (Clark et al.,
1990), while others suggest that more mature students with a clear idea of the future
profession achieve better results (Mclnnis et al., 1995).
Based on this, the first research question is:

1. What is the relationship between demographic characteristics and students’

successe

Following hypotheses are developed to answer this research question:

Hla: Age has a positive, statistically significant impact on students’ success

measured by the average grade.

H1b: Parent education has a positive, statistically significant impact on students’

success measured by the average grade.
Magdalena (2013) found a strong positive relationship between the previous and
future education, and confirmed that the positive or negative aftitude towards
learning appears in very early schooling. Sulaiman and Mohezar (2006) showed that
a student’'s undergraduate grades are the best indicator of the student’s success.
Based on these researches, the second research question was developed:

2. What is the relationship between students’ previous education and students’

success?

Following hypotheses are developed to answer this research question:
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H2a: Previously adopted learning habits have a positive, statistically significant

impact on students’ success measured by the average grade.

H2b: The success of the final test has a positive, statistically significant impact on

students’ success measured by the average grade.
Stratton et al. (2008) found that socio-economic background and economic factors
such as unemployment rates have a major impact on full-time students. Lecompte,
Kaufman and Rousseeuw (1983) found that financial problems are a common
reason for dropping out. Robbins et al. (2004) emphasize the importance of financial
aid during studies. Financial aid has a direct effect on the motivation of a student if
high performance is required to keep receiving scholarships. Students who receive a
scholarship are persistent and rarely drop out (St John et al., 2005). Although many
studies (Cabrera et al., 1992.; Gross et al., 2007; Singell, 2004) confirmed the positive
effect of receiving scholarships to student success, there are studies that have found
a negative relationship (St. John and Starkey, 2005; Dowd and Coury, 2006). Studies
that are dealing with the impact of living in a dorm on students’ success are also
inconsistent. Based on those researches, the third research question was developed:

3. What is the relationship between financial conditions during studies and

students’ success?
Following hypotheses were developed to answer this research question:
H3a: Higher household income has a positive, statistically significant impact on
students’ success measured by the average grade.
H3b: Living in a dorm has a positive, statistically significant impact on students’
success measured by the average grade, while living in the parents’ house has a
negative, statistically significant impact on students’ success measured by the
average grade
H3c: Scholarships have a positive, statistically significant impact on students’
success measured by the average grade
H3d: Working during studies has a negative, statistically significant impact on
students’ success measured by the average grade
Himelstein (1992) found that students with a clear vision of their future career goals
achieve better results and are less likely to drop out than students without a clear
vision. Students with clear objectives about their future careers are more confident
and their success is more likely than of their colleagues without a clear objective
after studies (Garcez , 2007). In that sense, the fourth research question is:
4. What is the relationship between students’ career goals and students’
successe

The following hypothesis was developed to answer this research question:

H4: Clear career goals have a positive statistically significant impact on students’

success measured by the average grade.
Based on a research conducted by Wise (1975), in which he demonstrated a
positive relationship between the salary and average grades in college, but in which
the speed of finding the first job was not explored, we developed the fifth research
question and hypothesis:

5. What is the relationship between students’ success and the first employmente
H5a: Better grade point average has a positive, statistically significant impact on
the speed of finding the first employment.

H5b: Better grade point average has a positive, statistically significant impact on
the amount of the first salary.

In the last hypothesis, we will compare two prediction models, one created with the
help of a decision tree and another created with a neural network algorithm.
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According to the mentioned research questions and hypotheses, the following
research model is proposed (Figure 1).

Figure 1 Proposed Research Model
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Source: Author’s work

Research Methodology

A structured questionnaire will be used to collect data from 300 students from
different Croatian faculties of economics and business who graduated between
2012 and 2014. Communication with respondents will be carried out via e-mail. This
research will be conducted in two phases.

The first stage will be a preliminary survey testing, which aims to test the
understanding of the questionnaire. In the preliminary part of the study a small
number of respondents will be contacted to check whether the survey questions are
unambiguous and whether respondents understand them. Based on the results of
the first phase of the research, the questionnaire will be adapted.

The second phase will be a descriptive study using a structured questionnaire. This
part of the research will be conducted using an online survey to which respondents
will be invited via e-mail. The survey questionnaire will consist of demographic and
economic characteristics, information about previous education, attitudes towards
learning, and goals after completing studies and information about the first
employment. Students’ efficacy will be measured by grade point average in
college. An analysis of the data will be conducted using SPSS. Following statistical
methods will be employed: exploratory and descriptive statistical methods,
multivariate and simple linear regression, Cronbach’s alpha test, decision trees and
neural networks.

The first hypothesis (H1) presumes that students’ performance is positively
influenced by demographic characteristics. The first hypothesis will be tested using
the supporting H1a sub-hypothesis (the impact of age) and H2a sub-hypothesis (the
impact of parents’ education. This hypothesis will be tested using the results of
primary research and linear multiple regression model.
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The second hypothesis (H2) presumes that students’ performance is positively
influenced by students’ previous education. The second hypothesis will be tested
using the supporting H2a sub-hypothesis (the impact of previously adopted learning
habits) and H2b sub-hypothesis (the impact of the success on the final test). This
hypothesis will be tested using the results of primary research and linear multiple
regression model.

The third hypothesis (H3) presumes that students’ performance is positively
influenced by financial conditions during studies. The third hypothesis will be tested
using the supporting H3a sub-hypothesis (the impact of higher household income),
H3b sub-hypothesis (the impact of living in a dorm) and H3c sub-hypothesis (the
impact of scholarships) and H3d sub-hypothesis (the impact of working during
studies). This hypothesis will be tested using the results of primary research and linear
multiple regression model.

The fourth hypothesis (H4) presumes that students’ performance is positively
influenced by clear career goals. This hypothesis will be tested using the results of
primary research and linear multiple regression model.

The fifth hypothesis (H5) presumes that first employment is positively influenced by
students’ performance. The fifth hypothesis will be tested using the supporting H5a
sub-hypothesis (the impact of better grade point average on the speed of finding
first employment) and HSb sub-hypothesis (the impact of better grade point
average on the amount of first salary). This hypothesis will be tested using the results
of primary research and linear multiple regression model.

In the sixth hypothesis, we will use neural networks and decision trees to create
and compare two prediction models.

Conclusion

In this paper, we presented a case study in educational data mining. It showed how
useful data mining can be in higher education, particularly in improving student
performance. We applied data mining techniques to discover knowledge.

Findings and results will have future practical implications since they will allow the
identification of those factors which may affect future students’ studying
performance. These results can be used in future discussions on the improvement of
higher education system in Croatia.

The practical contribution of this thesis will consist in pointing out that successful

studying has a beneficial effect on employment, that it affects the speed of finding
the first job and that it has an effect on the amount of salary.
Major limitation to the proposed research is the fact that the data collected by the
survey represents an insight into the tfrend of occurrences within a limited period of
time. Hence, it does not provide an analysis of correlations and changes over an
extended period of time.
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