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Prediction of Secondary-School Student Cognitive 
Performance in Informatics

ABSTRACT
Machine learning techniques for the prediction of performance in the learning process are 
primarily studied at the post-secondary level of education. Data sets are usually large at that 
level, resulting in predictive models that have a high accuracy. In contrast, limited research has 
been conducted at the secondary school level, mostly due to the typically small data sizes and 
the unique educational challenges of that level. In the present study we aimed to address such 
issues by implementing a model to predict the final performance of lower secondary school 
students in a course on Informatics, using a teaching scenario that combined the flipped class-
room, a variation of the jigsaw technique and educational robotics. Given the student grades 
from the first third of the year, as well as demographics data, we used an IBM data analytics 
tool to create and test several predictive models. The CHAID algorithm achieved the highest 
accuracy (82.14%) and AUC value, outperforming others like Quest, C5, BN, and RF. The tool 
also pinpointed the educational activity that was the most significant predictor of final per-
formance, indicating its strong instructional value. Despite the relatively small dataset, the 
results suggest that careful parameter selection can yield models that predict learner perfor-
mance with a high accuracy and assist educators in continuously improving their teaching 
for better student outcomes.

KEYWORDS
predictive modeling, machine learning, classification algorithms, flipped classroom, jigsaw 
technique, educational robotics (ER), STEM epistemology

1	 INTRODUCTION

The task of designing, composing and evaluating the teaching process is of utter-
most importance in education. An instructor can choose for this task one or more 
from a wide variety of tools, i.e., methods, techniques, technologies and applications, 
many of which come from scientific fields other than education. The choice of, the 
appropriate combination of, and the way such tools are used by the instructor of a 
course, are important in achieving the purpose and specific targets of the course, in 
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continuously improving the course, and in identifying those factors that have the 
greatest impact on the student success rate.

Learning computer programming is a complex process that requires high-level 
cognitive skills, such as the application of logical rules and problem-solving [1], [2]. 
The level of difficulty in learning computer programming for novice student pro-
grammers of all ages increases when the traditional learning method is applied, 
which involves using a simple text editor for writing and compiling programs in 
a high-level programming language [3]. An alternative method is the use of edu-
cational robotics (ER) in combination with block-based programming environ-
ments. This approach has the advantage of utilizing an easier code development 
environment, as it eliminates all syntax errors, and commands are transferred 
with simple drag-and-drop actions [4]. Additionally, the outcome of the program is 
more understandable to students as they see a robot performing specific tasks [5]. 
Furthermore, ER promotes the four essential skills of the 21st century, which are 
collaboration, creativity, communication, and critical thinking [6], while simultane-
ously providing a fun and engaging learning environment [7].

The flipped classroom is an innovative method of active learning [8] with a 
student-centered focus [9]. It aims to reverse the way in which the content of 
a lesson is taught and applied. In the traditional form of a lesson, the content is 
usually presented live through in-class meetings and is then applied in the form of 
homework [10]. In contrast, in a flipped classroom, students study the new educa-
tional material at home before the lesson, and then apply the knowledge they have 
gained during the live in-class meetings [11], [12], [13], [14]. The educational mate-
rial focuses on activities that encourage active student participation, is distributed 
online, and can include videos, presentations, slideshows, e-books, websites, hand-
outs, etc. [15], [16]. The distribution of educational content, so that students can access 
it online, can be done through an asynchronous e-learning platform [17], [18], [19].  
In this way, students learn independently at their own pace at home [10], while 
there is more available time in face-to-face lessons in the classroom for exercises, 
projects, and discussions [14].

In order to promote a favorable learning environment in the classroom, the appli-
cation of collaborative learning techniques plays an important role, where students 
interact with their peers to acquire knowledge and develop essential skills [20], [21]. 
One of the many collaborative teaching techniques is the jigsaw technique. It is a 
useful technique that allows a group of students to cover multiple topics simulta-
neously within a set timeframe [22]. The most important difference between the 
jigsaw technique and other collaborative learning methods is that each member of 
the group is assigned a portion of the educational task, allowing each member to 
contribute equally and meaningfully to the group [23].

When education partially moves online, as in the case of the flipped classroom 
model, monitoring the student progress in mastering the lesson becomes a challenge 
for educators. Various methodologies have been employed over time to support edu-
cators in identifying students in need and intervening early if necessary [24]. A prom-
inent example of such a methodology is student success predictive models [25].

Predictive modeling in general is a process in data science that is used to infer 
outcomes on uncertain future events. It involves creation of predictive models (PMs) 
with machine learning algorithms, which analyze current and historical data sets, in 
order to detect patterns, observe trends, and so to be able to predict future behavior 
[26], [27]. More specifically, starting with sets of collected data, predictive modeling 
creates mathematical models to predict future values or classes of attributes that are 
the prediction targets. This means that predictive modeling relies on the hypothesis 
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that a set of known data can be used for the prediction of the values or the classes of 
a new data set concerning the specific attributes being observed [28].

Predictive modeling constitutes a basic methodology of research in education, 
focusing on the prediction of student performance. In particular, it can be utilized 
for the evaluation of performance, for the improvement of the educational process 
and the guidance on the student cognitive steps. Further, for providing feedback and 
adapting teaching directives based on student learning behaviors, for the evaluation 
of teaching material and processes. Finally, for the detection of abnormal learning 
behaviors and problems in order to achieve a deeper understanding of educational 
circumstances [29], [30].

In total, predictive modeling in teaching and learning can be used in areas 
such as educational theories analytics [31], analysis of pedagogical strategies [32], 
analysis of programming codes in Informatics courses [33], cooperational learning 
and prediction of team project group assessment [34], prediction of student 
performance, and in particular of students in danger to fail for in-time intervention 
[35], [36], [37], course support and improvement, e.g. regarding the course context 
and the sequence of course activities [38], [39], improvements in foreign language 
learning [40].

Literature reviews in predictive modeling in education generally concentrate on 
large data sets gathered from online learning, post-secondary education and face-to-
face teaching along with computer-based instruction. There are few studies related 
to secondary school students, even fewer focusing on Informatics courses centered 
around learning programming [41], [42].

It is well understood that large data sets give better prediction accuracy than small 
data sets. However, it is typical in secondary education to have small class sizes, with 
teachers covering several classes of a total of not more than a few hundred students 
per teacher [43]. In such educational settings, the distinct differences between 
the teaching methods that different teachers follow, as well as the differences in 
school policies and capabilities, can have a profound effect with significant varia-
tions on the student overall learning process [44], [45]. This means that any attempt 
to produce large data sets for the creation of PMs may result in low performance 
prediction accuracy, when such sets consist of combined data collected from differ-
ent educators, or even different schools [46]. However, past experience has shown 
that PMs are invaluable in education, as they provide tailor-made insights that can 
be challenging for educators to pinpoint and respond to during the typical flow 
of teaching [47]. For this reason, it becomes a necessity to focus research on small 
classes and thus small prediction data sizes.

Another important aspect that advocates the development of PMs for small 
educational data sets is the trend to use blended learning in secondary education [48]. 
In face-to-face teaching, and for courses that are covered in several weekly hours, 
many cognitive patterns may become obvious to the teacher [49]. However, this is not 
the case when distant learning methods, such as the flipped classroom, are involved, 
especially for courses like Informatics that are covered in only one or two hours 
per week. In such cases, cognitive patterns are less obvious, e.g. the nuanced con-
nections between how a student engages in class discussions and their practical 
achievements in distant class tasks like programming assignments [50]. Here PMs 
have the knack for identifying such patterns [38].

The capability of PMs to forecast future student performance based on current 
and historical data [51], is crucial not only for immediate educational adjustments 
[52] but also for long-term curriculum development [53]. It allows educational 
institutions to be proactive rather than reactive, adapting to the evolving student 
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educational needs. For informatics education, in particular, predictive modeling in 
the teaching process can help us move away from the traditional teaching model 
towards a more customized and supportive learning experience [54].

The main purpose of this study is to find a PM using machine learning algorithms 
that will assist lower secondary school students in achieving a more comprehen-
sive understanding of the subject of Informatics. In fact, the research presented 
herein is part of a wider study on the development of new methods for the teach-
ing of computer programming, as well as for providing basic elements of the STEM 
(Sciences, Technology, Engineering, Mathematics) epistemology, to secondary 
school students.

In developing an educational setting, a teaching scenario (TS) was designed 
for learning programming, as part of the Informatics curriculum taught in lower 
secondary schools. The TS is based on three interconnected elements: a) ER, b) the 
application of the flipped classroom approach using an asynchronous e-learning 
platform, and c) the application of a variation of the jigsaw technique as a collab-
orative teaching method in face-to-face lessons. The idea behind this approach of 
teaching computer programming is to make students enjoy the class more, in order 
to increase their motivation for learning and improve their performance [55].

This study hypothesizes that a predictive model can be developed to determine 
the highest percentage of success for secondary school students in an Informatics 
course. Additionally, it explores the possibility that instructors can receive ongoing 
feedback during the academic year, which can be used to enhance the course con-
tent and teaching methods in real time. These hypotheses assume that the integra-
tion of predictive analytics into the educational process will not only forecast student 
outcomes with a high degree of accuracy but also provide actionable insights that 
facilitate adaptive teaching strategies tailored to student needs and course dynamics.

2	 MATERIALS AND METHODS

2.1	 Participants

The number of students of the Music High School of Lamia in the school year 
2022–2023 that participated in this research was 140 (68 males, 72 females), aged 
12–15 years old (mean 13.62, SD 1.06). Of these, 48 students attended 1st, 46 students 
attended 2nd and 46 attended 3rd grade.

None of the 140 students had learning disabilities, a history of major medical 
conditions, psychiatric disorders, developmental disorders, or significant visual or 
auditory impairments, as confirmed by their school medical records. All human data 
used in this research were collected in compliance with the Helsinki Declaration, 
and the permission of the Ethics and Deontology Committee of the University of 
Thessaly (28-7-22/1). Finally, students also provided signed letters of consent from 
their guardians for the participation in the research.

2.2	 Implementation

The course organization was based on the two separate but interrelated com-
ponents of a flipped classroom model: In-class and distant education. Remotely, 
students learn, read and comprehend the theoretical part of computer program-
ming, using appropriate teaching material, and cooperate and communicate with 
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each other on an e-learning platform. In live in-class meetings, students utilize in 
practice what they learnt theoretically through teamwork.

Structure of distance learning course. The course teaching material was dis-
tributed through the e-learning platform. Since students were assumed to have no 
prior knowledge of programming and robotics, the material was the same for all 
three grades.

The course was divided in three units and each unit had three lessons. Each lesson 
in the platform contained a quiz exercise and a homework assignment. Students 
had first to read and try to understand the theoretical part of the lesson, and then 
continue with the quiz and the homework. The quiz was comprised of five ques-
tions, of either correct-wrong or matching type. It was being automatically graded, 
at the 0 to 20 scale, and each question taking 4 points. After the quiz exercise was 
completed, the students could go ahead with the assignment, a small compulsory 
personal homework of a text format, which had to be submitted by students and 
corrected and graded by the instructor at the 0 to 20 scale.

Structure of face-to-face learning course. In live in-class meetings, students 
utilize in practice through team work what they learnt theoretically. To organize 
students in teams and enable the collaboration learning we use a variant of the 
jigsaw technique. The jigsaw technique can be applied by the teacher in 10 steps [56]. 
Our variation of the jigsaw technique compared to the original is the following:

Steps 1, 2 are the same. In step 3, first we break the problem down into 
sub-problems and assign roles based on the problem-solving process. Then, in step 4,  
students are investigating the part of their problem. In step 5 students collaborate 
and exchange information. We do not apply steps 6, 7, and 8, but all the members of 
the team at the same time collaborate, learn from each other and focus on the part of 
their work, seeing all the stages of solving the problem at the same time. Step 9 is the 
same with the jigsaw method. Step 10 differs, and specifically at the end of the lesson 
session, the members of each team meet for a few minutes and make an evaluation 
of their work up to that point, to find out what did not go well in the whole process 
of working together, and to improve it the next time.

2.3	 Framework for analyzing the data

The framework for our analysis follows a comprehensive machine learning 
pipeline. This includes data collection, attribute selection, model training and valida-
tion using cross-validation, evaluation through multiple performance metrics, and 
interpretation via predictor importance analysis. The goal is to develop a predictive 
model that can be applied during the academic year to identify students who may 
need additional support and help educators make informed, data-driven decisions.

We first collect measurable data related to student academic performance, as well 
as demographic data. Once we have gathered the necessary data, we prepare and 
define attributes appropriately. Academic data provide attributes that are treated as 
ordinal variables due to their discrete scoring system, while demographic data pro-
vide attributes that are handled according to their data type. We then split the dataset 
into a training and a test set to evaluate model performance. We also apply 10-fold 
cross-validation on the training set to reduce the risk of overfitting and improve the 
model’s reliability.

For model development, we use the IBM SPSS Modeler Version 18.4 software 
package that allows for automated modeling and testing of several classification 
algorithms and ranking them based on their overall accuracy. The algorithms 
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tested are C5, Logistic Regression (LR), Bayesian Network (BN), LSVM, Random 
Trees, XGBoost Linear, XGBoost Tree, CHAID, QUEST, C&R Tree, and Neural Net. The 
algorithms that exhibit the best accuracy are validated against the test set to ensure 
they generalize well and are not overfitted. To assess the performance of the models, 
standard classification metrics are used, including overall accuracy, precision, recall, 
F1-score, and the area under the ROC curve (AUC).

Using the above analysis framework, we determine which algorithm performs 
best in predicting final student outcomes. Additionally, by analyzing predictor 
importance, we identify which input attributes have the greatest influence on the 
model’s predictions.

3	 RESULTS

3.1	 Data collection

To construct a PM, it is necessary to have measurable attributes of the research 
subject, with a definite output and a data set that collects results from iterative 
events. In the area of education, such events are courses that are repeated each year, 
where data can concern course performance (e.g., enrollment, test grades, grade 
averages, final grade and success level), as well as interactions between individual 
students and a teaching platform (e.g., browsing behavior, quizzes and interactive 
exercises). Also, they may include data from cooperating students (e.g., text commu-
nication), administrative data (e.g., school, school district, teachers), demographic 
data (e.g., gender, age, nationality) and data related to student psychology (e.g. moti-
vations, emotional situations) [57], [58].

In our case, the data we had access to were the grades from the answered quiz 
exercises, the grades from the homework assignments, the final grade for the course, 
and demographic data, such as the class grade, age, and gender of the students.

3.2	 Attribute selection

According to Moreno-Marcos et al. [59], the appropriate selection of attributes 
(or features) can often be more important than the prediction algorithms them-
selves. To select the attributes – predictors of our model, we need to find out which 
factors of the subject are influencing the prediction.

In online learning environments, data from activities related to blended learning, 
such as those in a flipped classroom, can be used to forecast student performance. 
Additionally, attributes associated with assignments were found to be potentially 
significant predictors [57]. Clickstream data can be acceptable predictors when exer-
cises are not available, but they do not add prediction power if attributes related to 
exercises are used [60]. Previous grade achievements of students and their demo-
graphics were identified as the most important factors that can be used to predict 
academic success in post-secondary education [61].

According to Xu et al., student performance can be forecasted early on, but the 
predictions tend to be less stable at such a course stage [57]. In the middle stage of 
the course lessons, however, performance can be more reliably predicted, allow-
ing teachers to adjust their teaching strategies promptly. This makes it possible to 
intervene and provide personalized support, tailoring instruction to the individual 
needs of each student.
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In the current research, we explore the possibility of creating a PM for the student 
final performance, using only the grades from the first unit of the quiz exercises and 
homework assignments, as well as demographic data, such as the class grade, age 
and gender of the students. The reason we are using only the grades from the first 
three lessons corresponding to the first unit, is that it is closer to the middle stage of 
the lessons and not too early [57]. Furthermore, we want the model outcomes to be 
useful during the same period, that is, with only early grades available, in order not 
only to predict the final grade of a student, but also to allow the teacher to assess the 
student’s mastery of the subject. Additionally, the teacher should be able to receive 
information during the school year about which factors might affect the prediction 
of student performance and be able to improve it as teaching progresses. Finally, we 
want to create a PM to be continuously applicable in future school years, thus using 
data solely from within the same school year.

As explained above, the input attributes that were used for the PM were (i) the 
student grades in the first three quiz exercises, (ii) the student grades in the first 
three homework assignments and (iii) demographic data about the class grade, age, 
and gender of the students i.e., a total of nine input attributes. The single output 
attribute was the student final grade. The grades range between 0 and 20, but due 
to the grading methodology used, the grade of each individual quiz exercise and 
homework assignment did not take continuous values in the [0, 20] interval, but 
rather discrete values, e.g., 0, 4, 8, 12, 16, 20, or 0, 5, 10, 15, 20. This was important 
for the way attributes were declared at the PM creation. Tables 1 and 2 give the 
frequencies of student grades in the three quiz exercises and the three homework 
assignments, using the aforementioned discrete grade values.

Table 1. Frequencies of student grades regarding the three quiz exercises

Exercise/Grade 0 4 8 12 16 20 Total

Exercise1 f(%) 0(0) 5(3,57) 14(10,00) 26(18,57) 42(30,00) 53(37,86) 140(100)

Exercise2 f(%) 0(0) 13(9,29) 18(12,86) 22(15,71) 38(27,14) 49(35,00) 140(100)

Exercise3 f(%) 0(0) 7(5,00) 17(12,14) 38(27,14) 44(31,43) 34(24,29) 140(100)

Table 2. Frequencies of student grades regarding the three homework assignments

Assignment/Grade 0 5 10 15 20 Total

Assignment1 f(%) 0(0) 0(0) 44(31.43) 59(41.14) 37(26.43) 140(100)

Assignment2 f(%) 0(0) 0(0) 32(22.86) 46(32.86) 62(44.29) 140(100)

Assignment3 f(%) 0(0) 0(0) 82(58,57) 0(0) 58(41.43) 140(100)

In this study, the quiz and homework grade attributes were declared as ordi-
nal (non-binary), whereas the final grade was declared as flag. We coded the final 
grade with the value 1 (High) for students with a final grade higher than 16, and 
the value 0 (Low) for students with a final grade lower than or equal to 16. We set 
a threshold of 16 because we were interested in creating a PM to predict which 
students would have a final grade exactly or below 16, by the time we know, through 
quiz exercises and homework assignments, the first third of their yearly perfor-
mance, and we thus have obtained the additional information we seek regarding 
the percentage of mastery of the Informatics course up to that time.
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3.3	 Dataset option

Since the dataset consisted of 140 entries, we did not divide it into three separate 
sets (training, validation and test), but rather into two sets, more specifically an 
80% training and a 20% test set. When the dataset is of small or medium size, it is 
common to perform the validation phase on the training set only, using multiple 
cross-validation [62]. We opted to use the 10-fold multiple cross-validation on the 
training set in order to avoid PM overfitting, as used in similar research [63], [64].

3.4	 Model creation

To create our PM, we used the software package IBM SPSS Modeler Version 18.4. 
The steps we followed are shown in Table 3.

Table 3. Steps in the predictive modeling process using IBM SPSS modeler

Step Process Description

1 Data Input Data including grades and demographic details are entered.

2 Type Declaration Attribute types are specified for the data entered, with roles defined for each attribute.

3 Auto Classifier The system automatically classifies data using various machine learning algorithms.

4 Model Ranking Models are ranked based on their overall accuracy.

5 Cross-Validation Cross-validation is performed with a specified number of folds (e.g., ten) to ensure model reliability.

6 Analysis Data is analyzed to select the best performing algorithms.

7 Results The final ranked list of algorithms, termed “SPSS golden nuggets”, is displayed.

The attribute roles are either Input or Target. In particular, we defined as Input all 
attributes related with the demographic data (Gender, Age, Class grade), the student 
grades in the first three quiz exercises (Exercise1, 2, and 3) and the first three home-
work assignments (Assignment1, 2, and 3) and as Target the final grade attribute.

Table 4 shows the list of the classification algorithms that exhibited the best overall 
classification accuracy [51] based on the training set. From the algorithms shown, 
CHAID, QUEST, and C5 are Decision Tree (DT) algorithms, some of the most popular 
in machine learning [65]. According to Table 4, the CHAID classifier exhibited an 
overall accuracy of 86.607% and AUC equal to 0.908. The QUEST and C5 classifiers 
had the same overall accuracy value but yielded a lower AUC value equal to 0.782. 
The BN classifier exhibited an overall accuracy of 90.179% and AUC equal to 0.954. 
In contrast, the Random Forest (RF) classifier exhibited the highest overall classifica-
tion accuracy equal to 100%, as well as the highest AUC value of 1.0. We concluded 
that the best classifier based on the training set was the RF classifier.

Table 4. Algorithm ranking with the auto classifier option

Algorithm Overall Accuracy Area Under Curve (AUC)

CHAID 86.607 0.908

QUEST 85.714 0.782

C5 85.714 0.782

Bayesian Network 90.179 0.954

Random Forest 100 1.0
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3.5	 Evaluation of the model on the test set

After having created the PM to predict final student grade and validated it by 
evaluating its performance using a 10-fold cross-validation on the training set only, 
we moved on to evaluate the PM and its five best classification algorithms on the test 
set. To this end, we introduced into the application the remaining 20% of the data 
entries that comprise the test set. We then obtained an analysis of its performance 
based on this set.

Figure 1 shows the overall classification accuracy of the five algorithms CHAID, 
QUEST, C5, BN, and RF, based on the training set, against the respective overall 
accuracy of the algorithms, based on the test set.

Fig. 1. Training and testing accuracy for all classification algorithms

From Figure 1, we can observe that while the RF algorithm had 100% accuracy 
on the training set, it did not show the same good accuracy based on the test set. 
In fact, it exhibited an accuracy of 78.57%, which was lower than the accuracy of 
the three DT algorithms CHAID, Quest, and C5. This may be due to the smaller size 
of the test set compared to the training set. That is, the RF algorithm requires a large 
amount of data to perform good accuracy in classifying data. Indeed, according to 
Herrera et al. [50], the RF algorithm demonstrates better accuracy when classifying 
large sets of data.

Next the analysis focused on sensitivity and specificity of the five classification 
algorithms, based on the precision, the recall, and the F1-score metrics [39], with the 
corresponding values given in Table 5. More specifically, the CHAID classifier exhib-
its a Precision of 0.895, a Recall of 0.850 and an F1-score of 0.872. The same values 
have the three metrics for the QUEST and C5 classifiers. The RF algorithm exhibits 
lower respective values than CHAID, QUEST, and C5, i.e., a precision of 0.889, a recall 
of 0.800 and an F1-score of 0.842. In contrast, the BN algorithm exhibits the lowest 
corresponding values than all other algorithms, i.e., a precision of 0.789, a recall of 
0.750, and an F1-score of 0.769.

Table 5. Precision, recall, and F1-score for all five classifiers

Classifier Precision Recall F1-Score

CHAID 0.895 0.850 0.872

QUEST 0.895 0.850 0.872

C5 0.895 0.850 0.872

Bayesian Network 0.789 0.750 0.769

Random Forest 0.889 0.800 0.842
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From the above Precision values, it follows that the CHAID, QUEST and C5 
algorithms exhibit greater sensitivity and specificity compared to the BN and RF 
algorithms. This means they can more accurately find how many of the students 
that actually received a score greater than 16 were correctly predicted (sensitivity) 
and how many of the students predicted to receive a score greater than 16 actually 
received a score greater than 16 (specificity). This explains the reason why the 
CHAID, QUEST and C5 classifiers result in a higher total accuracy than the BN and 
the RF algorithms.

The ROC curves for the AUC values of the five classification algorithms are 
depicted in Figure 2. We can see that the CHAID classifier has an AUC value of 0.863, 
the QUEST and the C5 classifiers have an AUC value of 0.8, the RF classifier exhibits 
an AUC value of 0.797 and the BN classifier has an AUC value of 0.713. We can thus 
note that the CHAID classifier has the best AUC value, i.e., a value that is closer to 1, 
than all other three algorithms. According to [66], the higher the value of the AUC 
metric for a classifier, the better are the classification results. Therefore, among all 
classification algorithms tested, we can conclude that the CHAID classifier exhibits 
the best total prediction accuracy.

Despite the early evaluation of the algorithms on the training set, which suggested 
that the RF classifier seems to excel in the classification accuracy in the prediction of 
student grades, the evaluation on the test set proved that the PM created, based on 
that algorithm, was not as good in classification as suggested, since it exhibited lower 
values than CHAID, QUEST and C5 in all evaluation metrics, i.e., Overall accuracy, 
Precision, Recall, F1-score and AUC. It is very likely that the model created on the RF 
classification algorithm exhibited overfitting on the training data set, despite the use 
of the 10-fold multiple cross-validation, with the result of not being able to perform a 
high-quality classification on the unknown data of the test set. Finally, the difference 
in the rest four algorithms was made by the higher value in the AUC metric of the 
CHAID classifier, as compared with the AUC of QUEST, C5, and BN.

Fig. 2. ROC curves with the respective AUC values for the five classifiers tested
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Fig. 3. Predictor importance for each of the five classifiers

Predictor Importance. Figure 3 shows the predictor importance chart, which 
indicates the significance of each predictor in the algorithm, οr in other words 
the most important factors for predicting the student final grade. In CHAID, the 
most important predictor is Assignment2, while the least important is Class grade. 
In QUEST and C5, the most important predictor is Assignment2 and is the only 
important. In BN, the most important predictor is Assignment2 and the least import-
ant is Exercise3. Finally, in RF, the most important predictor is Assignment2 and the 
least important is Class grade.

From the above, it emerged that all the classifiers showed that the most important 
predictor factor for predicting the final grade of students is Assignment2, although 
some of the algorithms did not use all predictors in the process. In particular, the 
DT algorithms (C5, QUEST, and CHAID) cut off insignificant predictor factors, and 
for this reason those factors are missing from the chart. Finally, it should be noted 
that predictor importance is not related to model accuracy, neither is it affected by 
whether the predictions are correct or not [67].

4	 DISCUSSION

In this section we discuss the results of our research. We compare against similar 
work, and we comment on our research contribution. Finally, we discuss limitations 
of our work and possible future research directions.

In all discussion, we must keep in mind that our work is focused on the follow-
ing points: (a) creation of an educational PM for lower secondary schools using 
student academic data, i.e., quiz and homework grades, as well as demographic 
data, (b) addressing peculiarities of that education level, i.e., the small data set sizes 
for non-core courses like Informatics, and (c) teaching using the flipped classroom 
model, a variation of the jigsaw technique and ER. To the best of our knowledge 
there is no research work that combines all three points. Therefore, we proceed 
with discussion and comparison against work that only partially shares the aspects 
that we touch.

Concerning the first hypothesis of our research, we have established that even 
with a small data set, it is possible to develop a highly accurate PM to predict the 
student success rate in a secondary school Informatics course implemented in a 
flipped classroom. According to the results presented earlier, the CHAID algorithm, 
a DT machine learning algorithm, provides the maximum accuracy when compared 
with QUEST, C5, BN and RF, due to its highest AUC value. Nguyen et al. [26], in their 
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research on the prediction of student performance in post-secondary education, 
also discovered that DT algorithms have a higher accuracy than others such as BN 
algorithms by 3–12%.

In [68], Ramaswami and Bhaskaran created a PM to predict student performance 
in higher secondary school education, based on socio-economic and demographic 
data sets. The machine learning algorithm used was the CHAID algorithm. They 
found an overall model prediction accuracy of 44.69%, which is much lower than 
the accuracy that we obtained for the CHAID prediction model. This may be partially 
due to the different data set types, but also due to the different data encoding used 
in the PM creation. Although we used a smaller number of attributes, we configured 
the individual grade attributes to not have all the distinct values from 0 to 20, but 
values that increased with a step of 4 (quiz exercises) or 5 (homework assignments). 
This suggests that the overall accuracy of the model is influenced not only by the 
machine learning algorithm, the number and type of the attributes and the range of 
the attribute values, but also by the number of individual distinct values an attribute 
takes within that range of values.

Nouri et al. [63] applied machine learning algorithms in order to predict student 
performance in a flipped learning course. They used Naïve Bayes (NB), LR, kNN, 
Neural Network (NN), and Random Forest (RF) as machine learning algorithms. 
The kNN model exhibited the best prediction accuracy of 81% and AUC level com-
pared to the others. This accuracy rate is consistent with our findings. In fact, 
the CHAID algorithm in our research exhibits slightly better accuracy. Although 
they tested the RF algorithm, it ultimately proved to have lower overall accuracy 
compared to CHAID, which is also consistent with our results.

Peraić and Grubišić [69] compared the performance of six machine learning 
algorithms, namely, LR, support vector machines (SVM), RF, NN, NB, and DT, for 
classifying student performance in an introductory programming course, using an 
e-learning platform to distribute course material, lectures, homework, laboratory 
exercises, and quizzes. They used two different grading systems, binary (Pass/Fail) 
and three-level grade categorization, to categorize the final grade, as target variable. 
The LR model achieved the highest accuracy rate of 82.17% on the binary dataset, 
while the RF model achieved the highest accuracy rate of 65.62% on the three-level 
dataset. In our work we also use a binary final grading system, and the CHAID 
algorithm of our PM exhibits about the same accuracy as the LR algorithm of their 
predictive models.

Martinez-Carrascal et al. [70] addressed the problem of predicting student 
performance at the early stages of a flipped learning course on the basics of 
electronics, as a part of a post-secondary engineering program. The course spanned 
a total of twelve weeks, and the data were collected from the e-learning platform 
after the fourth week and before the first exam. They used only activity data and 
not grades, because there were no assessments in that period. The machine learning 
algorithms modelled were DT, SVC, and KNN, and the accuracy obtained was in 
the range 72–74%, which is lower compared to what we achieved with the CHAID 
algorithm. This may be due to the fact that we used grades as input data to train the 
models instead of activity data.

Regarding our second research hypothesis, we have shown, based on the pre-
dictor importance, that the instructor can receive feedback during the school 
year and proceed to certain class improvement acts. According to the analysis 
given above we found that the most important predictor factor for predicting the 
final grade of students is Assignment2. An Informatics instructor using a similar 
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teaching methodology can rely on that information to focus his efforts on upgrad-
ing programming material and ER implementations for the lessons covering that 
homework assignment.

Our findings on the predictor factor importance are in tandem with the results 
reported by Xu et al. [57], who also found that assignment-related features in an 
online learning environment, which is part of the learning activities of blended 
learning like flipped classroom, were important predictor factors in predicting 
student performance. Such results generally suggest that knowing at an early stage 
of the course which factors influence student performance, allows the instructor 
to adjust his teaching strategies immediately, to improve the course as it is being 
taught [71].

According to our experimental study, demographic attributes do not seem to 
be important factors that influence student final performance in a flipped class-
room, and therefore does not provide any useful information to the instructor for 
course improvement. This finding is consistent with the results of the research of 
Egbedokun and Afolabi [72], who also found that the demographic variables such as 
age and gender have no significance influence on student motivation and academic 
performance of distance learners in the flipped classroom. On the other hand, 
according to the research of Swacha and Muszyńska [73], where data were acquired 
from two programming MOOCs to determine the impact of demographic features 
on student retention, they concluded that demographic data should be considered 
in the implementation of a PM in MOOCs. This difference in the findings may be due 
to the fact that demographic data is an important factor influencing student perfor-
mance in some educational environments but not in all.

The most significant contribution of this work is that we proved that an accu-
rate educational PM can be created for as few as 140 students. There is no known 
research work that focuses on the prediction of student performance in lower 
secondary education on computer programming with a teaching model like the one 
we used. This alone constitutes another important contribution of the presented 
work, i.e., the application of predictive modeling on a computer programming 
teaching environment that combines the flipped classroom, the jigsaw technique 
and educational robotics. Last contribution, but not least, is the recognition of 
the importance of prediction factors on the learning process, by proving through 
predictive modeling, that finding the factors which affect the prediction of stu-
dent performance more, can help the educator to enhance teaching connected to 
those factors.

This study provides valuable insights into predicting student performance 
in Informatics courses in lower secondary education. At this point, it is crucial to 
discuss certain limitations in these findings. The most significant challenge is the 
small data sizes, which on one hand are typical in that level of education, forcing 
us to concentrate on assessing the effectiveness of machine learning algorithms in 
classroom settings of such sizes. On the other hand, we cannot but acknowledge that 
such data sizes might restrict the broader applicability of the results.

We must also mention that the dataset was sourced from only one secondary 
school and pertained solely to a specific Informatics course, which suggests that 
it might be useful to expand the PM’s applicability to a wider educational context 
through combining data from multiple courses and schools. However, merging data 
from different Informatics courses and different schools is not straightforward, 
since separate teachers have their own methodology and techniques, and it is ques-
tionable whether such a conglomeration of data sets can produce a meaningful PM. 
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Nevertheless, if it succeeds, expanding the dataset in this way would not only for-
tify the model but also ensure its relevance and utility across various educational 
settings and instructional scenarios.

With these limitations in mind, future research could aim to collect data from a 
more diverse range of schools and courses, in order to increase data size and create 
a PM with a broader applicability.

5	 CONCLUSIONS

In this work, we explored the possibility to predict the final performance of the 
students of the Music High School of Lamia in the course of Informatics at an early 
stage, in order to assist students in achieving a more comprehensive understanding 
of computer programming in the rest of the school year.

Our study was based on a teaching scenario in a certain framework and with 
certain data. The framework concerned the application of a novel teaching model 
with three components, i.e., the use of educational robotics, the application of the 
flipped classroom model using an asynchronous e-learning platform, and the imple-
mentation of a variation of the jigsaw technique. The data we used for modeling 
purposes were the grades from one third of the total quiz exercises and homework 
assignments that students had to take or submit during the school year, as well as 
demographic data.

We found that, despite the typically small size of data sets at the level of lower 
secondary education, it is possible to develop a quite accurate PM that will show us 
the highest percentage of success in a course implemented in a flipped classroom. 
In the development of the PM, we observed that the top five algorithms in perfor-
mance, as evaluated through the classification accuracy metric, were CHAID, Quest, 
C5, BN, and RF. The CHAID machine learning algorithm had the best classification 
accuracy on the test set, compared against Quest, C5, BN and RF, despite the fact that 
RF exhibited a better performance than the others on the training set. This may be 
due to the smaller size of the test set compared to the training set, which suggests 
that the RF algorithm demonstrates better accuracy in classifying rather large than 
small sets of data. Among the rest of the algorithms, the CHAID algorithm proved to 
be the overall best to predict student performance, due to its highest AUC value.

We also found that the instructor can receive feedback during the school year to 
improve the course as it is being taught. More specifically, we found that the most 
important predictor factor for predicting the final grade of students was the second 
homework assignment. This means that the respective study material had a signifi-
cant impact on the final grade and so we could assume that this material was most 
effective in helping students master the curriculum. On the other hand, if an activity 
had little to no impact on student grade, it might be removed, or an option could be 
provided to explore why it did not affect student performance.

Thus, the findings of this research not only demonstrate the viability of using 
PMs to enhance educational strategies and outcomes in specific learning frame-
works, but also underscore the nuanced role of various factors in educational success. 
By tailoring educational content and methodologies based on predictive analytics, 
educators can more effectively meet the diverse needs of their students. Overall, 
this study confirms the efficacy of using predictive models to improve educational 
outcomes and instructional strategies in informatics, engineering and other fields 
within flipped classrooms, offering actionable insights for educators to optimize 
their teaching approaches.
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