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Abstract. Teachingisaprocess that requires permanent observation and improve-
ment. With the rapid development of e-learning, there was a need to review,
improve and optimize the process of evaluating students’ performance. The main
objective of this study is to develop and implement the procedure for automatized
generation of assessment tests. For this purpose, the proposed solution includes the
application of a genetic algorithm. The procedure is developed on a sample of 29
existing test cases of “Internet programming” course. The optimization resulted in
better selection and reduced number of questions used for evaluation of students*
performance. The results of the study and the topicality of the issue point to the
need for further research, both in the aspect of students* performance assessment,
as well as in other aspects of higher education.
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1 Introduction

The main objective of this research is to optimize the process of evaluating students’
performance by using contemporary e-learning tools. To obtain reliable tests, the teachers
are forced to produce a lot of questions of different types and difficulty, and permanently
to improve them, at least before examination periods. Over time, the questions usually
have been reused, and consequently, their reliability becomes questionable. Based on
experience, it happens where there are large number of students and after using the same
questions in multiple tests. The motivation of this study is to develop and implement the
procedure for automatized generation of assessment tests based on optimized number
of selected questions with reliability derived from historical data. For this purpose, the
proposed solution includes the application of a genetic algorithm.
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Based on literature analysis [1], there are many applications of artificial intelligence
(hereinafter Al) in contemporary e-learning systems. They are organized in four areas:
intelligent tutoring, adaptive systems and personalization, profiling and prediction, and
assessment and evaluation. New developments in Al based educational assessment are
more focused on improving assessment efficacy and validity [2].

Genetic algorithm (hereinafter GA) is commonly used in artificial intelligence as an
optimization technique suitable for problems where approximations represent the satis-
factory solutions. GA represents the subtype of evolutionary algorithms that are not often
used, although existing implementations indicate the high efficiency in solving of many
specific problems [3]. The same is with the implementation of GA in education. There
are few theoretical works that consider how GA can be used for making improvements
in educational processes [4, 5]. In one article there are comparative analysis (based on
the review of 231 research articles) which suggest the various methods (classification,
clustering, Artificial Intelligence methodologies like Expert Systems, Fuzzy Systems,
Big Data Analytics, Text Mining, Sentiment Analysis, Pattern Mining, Process Min-
ing, Graph Mining, etc.) for measuring of students’ performances [6]. Some research is
related to identifying at-risk students of computer science based on statistical analysis
of their results [7]. On the other hand, there is a study with a more comprehensive app-
roach. It considers the numerous quantitative factors such as theoretical, mathematical,
practical, departmental, and other environmental marks to find the factor that has highest
impact on student performances. The study uses genetic algorithm for this purpose [8].
However, there are no considerations how GA efficiency can be used for improving the
teaching process.

2 Methodology of the Research

The research method was chosen based on its goal and purpose. For now, there is not a
clearly defined, and mandatory method that should be applied in the process of evaluating
students’ knowledge. On the other hand, there is a need for refinement and optimization
in this regard. Therefore, this research is designed as the development of a conceptual
framework, and includes argumentation, explanation, and generation of an implemen-
tation procedure. A conceptual framework in research presented in this paper is used to
understand a research problem (knowledge evaluation) and guide the development and
analysis of the research. Bearing in mind that the application of the GA in the optimiza-
tion of the evaluation of students’ knowledge is in the development phase, the application
of the conceptual approach can be considered optimal.

The procedure design is intended to optimize the teaching process related to the
assessment of students’ performance at School of Electrical and Computer Engineering
(Academy of Technical and Art Applied Studies in Belgrade, Republic of Serbia). The
procedure is developed by analyzing the sample of 120 students (absolvents) that partic-
ipated in five test sessions (~20 questions per session) under the Internet programming
course. The genetic algorithm is used as an optimization technique.
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3 Problem Description

In contemporary e-learning systems, the evaluation of students’ performances represents
the activities that can provide feedback information for both students and teachers.
The students can improve their learning efforts while the teachers can improve the
quality of learning content and students’ guidance. The e-learning platform enables
the lecturer to create a question bank for the course. This bank consists of question
categories, while each question belongs to a specific category (each question category
is usually related to the specific learning topic). In the presented research, the first part
of Internet programming course contains self-test questions grouped into six categories:
Basic concepts and terminology, HTML controls, JavaScript (hereinafter JS) basics, JS
data types, JS collections and JS functions.

Each question is of Cloze type [9] — it consists of embedded text fields in which the
students should fill their answers (see Fig. 1). The presented question consists of three
text fields. There are arbitrary number of text fields in the questions. The more fields the
question consists of, the higher complexity it has.

Complete the JS code to replace the content of the 2nd paragraph (“Paragraph 2”) with “Paragraph X”:

<IDOCTYPE html>
<html>
<body>
<p>Paragraf 1</p>
<p>Paragraf 2</p>
<p>Paragraf 3</p>
<script>

document| getElementsByTagName p") 1 ]| innerHTML = "Paragraf X"

</script>
< ‘bOd‘,‘>
</html>

Fig. 1. Question sample used for tests in Internet programming course.

Self-test results are useful for both students and teachers. Next illustration shows
the self-test report for the teacher (see Fig. 2). The self-test consists of 22 questions
from six categories (colored rectangles). In the presented example the maximum test
result is 10 (100%) and question’s share in the result (hereinafter QF - question factor)
depends on both question and test complexity. In the presented test, full number of text
fields (embedded answers) in all questions is 42 (maximum result is 10), that implies the
question with one text field has QF = 0.24 (10/42), while question with four text field
has QF = 0.95 (40/42).

It can be concluded that there can be different question factors for the same question
in different tests. It can be calculated as follows (Eq. 1).

Nipx
Qan = Mmaxaa (1)
Nifa

where QFy, is a question factor for question x in test a, N is a number of text fields
(embedded answers) in question x, N, is a full number of text fields in test, and M ;qxq
represents the maximum mark for test a.
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Fig. 2. The fragment of the teacher’s test report

The Cloze type of question provides high flexibility of assessment. During question
design, the teacher can provide more tolerance for students’ answers (in the picture above,
correct answers are checked by green signs, while partially correct answers are checked
by yellow ones). Next illustration (see Fig. 3) demonstrates the Cloze questions flexi-
bility: left text field (green box) is designed to accept both getElementsByTagName and
querySelectorAll answers as correct ones. Expected string is case sensitive (SHORT-
ANSWER_C). There are other options for making the system behavior during exams
more flexible. For instance, answer can be partially accepted (<100%) if student enters
only first part of the identifier (function, or type name), in case insensitive manner. This
practice has proven to be useful considering modern software tools that help users with
different IntelliSense features (e.g. code completion, parameter info, member lists, etc.).

Complete the JS code to replace the content of the 2nd paragraph (“Paragraph 2”) with “Paragraph X”:

<!DOCTYPE html> _
<html>
<body> document. {1:SHORTANSWER C:$%$100%getElementsByTagName~$100%querySelectorAll} ("p")
<p>Paragraf 1</p> </script>

<p>Paragraf 2</p>
<p>Paragraf 3</p>
<script> _ : - _
document.| getElementsByTagName ("p") 1 1{ innerHT™ = "Paragraf X";
</script> ' »
</body>
</html>

Fig. 3. Fragment of JavaScript source code for Cloze question type
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These results allow the teacher to improve the teaching process through detailed
insight into the individual student’s performances and, by analyzing the results of ques-
tions of specific category (the teacher can assess the quality of learning materials and
tests). If there are many students in the group, a lot of questions in the question bank and
a lot of performed tests, these activities can be time consuming, because teachers often
give up on making quality improvements of the teaching process.

4 Proposed Solution

The problems described in the previous section have multidimensional complexity (e.g.
students, topics and learning content, categories and questions used in different tests, time
series of results, etc.). On the other hand, the tests are estimated as very important teaching
activities as they obtain the feedback information necessary for making further e-learning
improvements. Therefore, the presented research is focused on the optimization of tests
based on the previously collected results and the test structure.

GA is selected as optimization Al (artificial intelligence) technique for fulfilling the
main objective of the presented research. The described problem is recognized as a type
of knapsack optimization problem [10]. GA is characterized by its structure (building
blocks) and functionality (behavior). Very basic concepts are population, chromosomes,
and genes. The population is a subset of all possible solutions, while the chromosome
represents one of them. Chromosomes consist of genes. One gene holds the information
relevant for problem solving. One test case (test with student results) represents the initial
population for processing by GA (see Fig. 4). Each test record (e.g., TR1, TR2, etc.) is
represented by a chromosome which consists of questions (e.g., Q1, Q2, etc.) — genes,
and each gene consists of an allele — the student’s result.

Initial population
Gene
L |

Chromosome ﬂ[ TR1 | Q1 v Q3[4 |5 [a6 [ a7 [a8 [a9 [aio [ i1 [aQi2 [a13 [ aia [ ais [ Q6 [ Q17 [ais [ a9 [ o [ Q21 | a2 ]
TRZ | QI [ Q2 [ Q3 [ O4 [ Q5 [ 06 | Q7 | Q8 | Q9 [ QM0 | QIT [ Q17 | QM3 | QU4 | QS | Q06 | Q17 | QU8 | Q9 | Q20 | Q2T | Q22
TR3 | Q1 |Q2 [Q3 | Q4 |5 Q6 | Q7 |8 | Q9 [ Q10| Qi1 | Q12 | Q13 | Q14 | Q15| Q16 | Q17 | Q18 | Q19 | Q20 | @21 | Q22

Fig. 4. Research problem (test case) structured for GA processing.

GA functionality can be described by pseudocode:

1. Create initial population (initialization).
2. Repeat until the goal is not achieved:
a. Perform fitness function on individuals from the population (evaluation).
b. Choose the survivors (selection).
c. Perform the genetical operations (recombination/mutation).
d. Create a new generation of offsprings (g + I population)

Practically, GA evaluates all chromosomes (test case record) in one population and
chooses some of them (survivors) that best fit the problem solution. The fitness function
[11] performs this task. Further, GA combines survivors’ genes (questions) producing
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the new generation of chromosomes (offsprings). GA repeats this sequence of actions
(a, b, and c¢) until the ending conditions are not fulfilled. There are two main ending con-
ditions: minor changes (convergency) of fitness values and limited (predefined) number
of generations. Finally, GA processing will result in the specified number of test cases
that can be used for future testing purposes.

The fitness function proposed in the solution is based on question factors (QF). The
fitness value for question Q) for test a can be calculated as follows (see Eq. 2).

ziil(QFi/QRmvg))

2

ﬁtness(Qm) = Qan/< N

where QF, is a question factor of question x in test a that consists of N questions, QF;
is a question factor of i-th question in test a, OR; 4y, is a modifier based on QF; and
average of student results of i-th question. This way, the fitness value for each question
in the selected population is normalized by a fraction of its factor QF and average of
sums of fractions of factors and modifiers of all other questions in the considered test
case. Consequently, fitness value for one question strongly depends on question factors
of all other questions from the same population.

The proposed procedure includes several activities that can be split into two groups:
data preparation and data processing (Fig. 5). Data preparation starts with selection of
question category. This way only questions that belong to specific subject matter (see
Sect. 3) are included in the GA processing. Further, the system loads the results records
of the test cases that include the specified category. The purpose of the next activity
(extraction and saving data in the new format) is data cleaning and preparation for rea-
soning. For instance, there are different number of questions from specific category
included in the test case (different number of genes in chromosome can cause the unpre-
dictable results), also there are unanswered questions in the records (they represent the
information noise). Data processing starts with the formation of the initial population;
prepared data are loaded into GA working memory. GA engine parameters should also
be prepared: maximum number of generations, GA engine behavior regarding the trends
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Fig. 5. Proposed procedure (activity diagram)
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of fitness values (prevention of local maximum problem) [12], selection strategies, set
up of genetical operators (genes crossover and mutation), processing of offsprings and
finally, selection of results.

After preparation, the GA engine can be run. Based on experience, the first run rarely
produces expected results. Changing the GA engine parameters (described above) is
necessary for making improvements. This process is iterative and if there is no progress
in results after several iterations, the initial population should be reconsidered.

5 Implementation

To depersonalize data and remove unnecessary test fields (e.g. questions, answers, eval-
uation rules, etc.), the test data needed for processing are extracted, filtered, and stored
in separate table (Fig. 6). Testcases’ IDs (tcid), questions IDs (quid), question’s factors
(gfactor) and results (gresult) represent the only fields included in the GA processing.

tcid quid  gfactor gresult
534 55  0.9800000190734863  0.3499999940395355
534 64  1.3700000047683716  0.6200000047683716
534 125  1.3700000047683716  0.6399999856948853
534 51  1.1799999475479126  0.5699999928474426
534 62  0.5899999737739563  0.3100000023841858
534 143 0.7799999713897705  0.3100000023841858
534 144  1.5700000524520874  0.6499999761581421
534 86  0.7799999713897705  0.1599999964237213
53¢ 75  0.9800000190734863 0.550000011920929
534 138  0.38999998569488525  0.12999999523162842
548 55  0.9800000190734863  0.47999998927116394
548 64  1.3700000047683716  0.7200000286102295

Fig. 6. TestCase records — extracted for GA processing.

The application that uses Jenetics Java GA framework (https://jenetics.io) is devel-
oped to prove the assumptions described above. Basic class is named 7TestCase, and it
must implement Problem interface to be solved by GA (see Fig. 5). In this specifica-
tion sequence of questions will be processed by using BitGene type (question will be
included in test case as a solution, or not), and Double is a type that will be comparable
in fitness calculations. All members (attributes and methods) of TestCase class are static
to prevent the uncontrolled number of GA engine runs.

The answered question is represented by immutable class (record) named Question.
The object of TestCase class is constructed with the two values: the collection of ques-
tions, and number of questions (expected as a GA processing result). The Codec is a
core class that enables software designers to transform (encode) the real-world problem
into appropriate structure for GA processing (genotype). TestCase codec (_codec) is set
up to make a subset of forwarded questions. TestCase class also must implement fitness
function.

The class named Engine represents the GA implementation (see Fig. 7). To be fully
executable, two basic stages should be implemented. Engine construction is the first
one. Initially, the 7estCase instance was forwarded to its builder. Further, the population
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s TestCase implements Problem<ISeg<Question>, BitGene, Double> {

private static ISeg<Question> makeISeqQuestions(List<TestCaseDerived> tcds)

lements Serializable {

d Question(d sult, double - tor, int uid) imp
Question {

Requires.nonNegative ( gresult);

Requires.nonNegative ( gfactor);

Requires.nonNegative ( quid) ;

ublic static Collector<Question, ?, Question> aggregateParams ()

ate final Codec<ISeg<Question>, BitGene>

1 int _testCaseSize;

ate fin

public TestCase(final ISeg<Question> questions, final int testCaseSize) {
= Codecs.ofSubSet (basicset: questions) ;

= testCaseSize;

}

@override
public Function<ISeg<Question>, Double> fitness() {
return questions -> {

nal Question sum = guestions.stream().collect (colle r:Question.aggregateParams());

.gfactor <= _testCaseSize ? sum.gfactor : 0;

Fig. 7. Structure of the TestCase — basic application class that implements GA.

size, survivors’ selector, offspring selector, and GA operators (set up with appropriate
probabilities) should be specified (Fig. 8).

lic static void runGA(int counter, List<TestCaseDerived> tcds) {
final TestCase testcase = TestCase.of( lati tcds) ;

int numOfQuesitons = tcds.size() + tcds.get (index: 0) .testQuesitonsDerived.size();
final Engine<BitGene, Double> engine = Engine.builder (problen: testcase)
.populationSize (size: numOfQuesitons)

.survivorsSelector ( TournamentSelector<>( leSize: 10))
.offspringSelector (new RouletteWheelSelector<>())

.alterers(

Mutator<> (probability: 0.015),
new SinglePointCrossover<> (probability: 0.15))
.build();
final ISeg<Question> testcaseFinal = engine.stream()

.limit (prdct: bySteadyFitness (generati 7))
limit( ize: 100)
.collect (collector:EvolutionResult. toBestResult (decoder: testcase.codec () .decoder()));

Object[] objs = testcaseFinal.toArray():;
for (Object obj : objs) {
Question tq = (Question) obj;

Fig. 8. The core of GA implementation

The GA processing is performed in the second stage, getting the evolution stream,
and set up it with the limits. In the presented code, GA will stop if there are no changes
of fitness values in the last seven generations, or if the number of generations exceeds
one hundred. The results are collected from TestCase object (more precisely, decoded
from its Codec instance). For instance, if the 15 questions are specified to be selected
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among the full number of 616 questions in 28 test records, that means the GA outcome
will get an array of 15 questions that best fit (see Sect. 4) the problem definition. Other
words, the collection of resulted questions represents the solution proposed by GA. In
concrete case, instead of the 22 questions test, GA selected 15 questions that are more
representative regarding the collected students results and definition of fitness function.

6 Results

The experiment was performed by using an initial population formed by 29 test cases
with 10 questions (of one category) each. GA engine was set up for maximum of 100
generations and it was run 471 times (Table 1). Each time best result contained 5-7
questions of 10. The test case of 6 questions was found as optimal solution with share
of 58% and maximum fitness value of ~7.

Table 1. Experiment results.

Number of questions Frequency Share Avg number of Altered genes (avg)
generations
104 22% ~9 3936
273 58% ~7 3151
94 20% ~8 3651

Regardless of predefined maximum of 100 generations, GA engine obtained the
results in small number of generations (7-9) which is reasonable owing to small number
of test cases and questions (10 genes per chromosome). It implies that the GA engine
always stopped due to steady fitness value. Both genetical operators are used in exper-
iment: mutations (with probability of P,sarions = 0.015) and single point crossovers
(with probability of P pssovers = 0.15). During the experiment, varying of these values
produced only minor changes. The average time needed for one GA run is 57.202188
ms. The most of this time was spent for altering (genetical operations) —46%, the fitness
calculation consumed 30% of time while the selection time participated with 24%.

7 Conclusions

Research presented in the paper proposes a procedure for improving student assessment
by implementation of genetic algorithm (GA). Lot of test records give the opportunity
to use students’ results for evaluating the questions by GA. The questions are designed
in the Cloze format to improve their behavior (the questions used in test as an activity
that includes the interaction with the student), and to provide the evaluation of the
students’ answers in a more sophisticated way. The questions have initial value based
on their complexity. The e-learning systems use this value and Cloze script embedded
in the question for evaluation of student’s answer(s). These results, accumulated in
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the numerous tests, contain a lot of information about questions. As the problem was
recognized as knapsack problem type, the GA was chosen as appropriate for this purpose.
The optimization of assessment process includes better selection of questions, smaller
number of questions per test and implicitly less time needed for performing the test.

The research presents the transformation of test case data into the dedicated problem
structure that can be evolutionary processed by GA. Original fitness function designed
for measuring how questions fit the problem is also presented. The implementation
of the solution is realized by using Jenetics GA framework. The important parts of
implementation are presented in the paper: adaptation of data structures to the framework;
creation of the evolutionary engine and set up all its operations (evaluation, selection,
genetic operators, ending conditions); running of evolutionary engine and collecting of
results. Loading of test records and further processing of results are not presented as
they are out of scope.

To prove the concept, the experiment based on real data (the questions of one category
and student answers) was performed. It included 471 runs of the GA engine in processing
the same data set. Regardless of (pseudo) randomly selected survivors and offsprings,
the mutate and crossover operations with predefined probability, these runs produced
similar outcomes: from 5 to 7 selected questions (of 10 questions in category) with the
same resulted fitness value. The most of results were obtained in the 7% generation. The
average GA run times had a small standard deviation — less than 0.0034 that implies the
stability and reliability of GA engine.

In further development, the solution should be adapted for integration into the con-
temporary e-learning environments. This way it can be utilized for a wider educational
society. The design of prototype-based pluggable module for Moodle learning manage-
ment systems (https://moodle.org) is likely to be the next phase. Another future task is
to collect and analyze feedback information about the generated tests from teachers and
students.

Besides tests, the other e-learning resources will be included for optimization. The
transformation of these resources into concepts appropriate for processing by evolu-
tionary algorithm will be the biggest challenge. The presented GA framework provides
great opportunities for concurrent processing of complex data structures and advanced
characteristics for evolutionary engine customization.
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