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This paper presents an empirical study of a formative assessment approach based on intelligent diagnostic feedback. A

public audience response system called SIDRA was integrated with clustering-based data analysis to generate diagnostic

feedback for guided learning. A total of 138 computer science students enrolled in a Software Development Project

Management course during the 2021/2022 academic year were taught using two different strategies. Eighty students in the

experimental group used intelligent SIDRA (i-SIDRA), while 58 students in the control group received the same training

but without using i-SIDRA. A statistically significant difference in final exam grades was found between students using i-

SIDRA versus a traditional teaching methodology (U = 3306, p < 0.001). No statistically significant differences were

obtained in the final grades between the elaborated feedback group and the reduced feedback group in the two

experiments (T(5,190) = –1.928, p = 0.110 and U = 443, p = 0.474) conducted to evaluate the effectiveness of the two

types of feedback at the end of the semester. No statistically significant differences were reached in the increase of correct

questions from the first to the last attempt during the feedback-guided learning process, between the elaborated feedback

group and the reduced feedback group in the two experiments carried out (T(19) = 0.217, p = 0.831 and U = 699, p =

0.542). In a questionnaire rated on a five-point Likert-type scale, students stated that i-SIDRA feedback promotes

clarification and understanding of concepts (MD = 4).
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1. Introduction

Currently, the use of new technologies in education

is becoming essential in a multitude of subjects.

With the arrival of the COVID-19 health crisis, it

has acquired even more prominence [1, 2]. This
change implies advantages such as being able to

perform online teaching and the convenience of

having classes and materials available at any time

and place, although disadvantages such as ineffi-

ciency and difficulty in maintaining academic integ-

rity are also found [3]. One of the resources used is

the Audience Response System (ARS), with a trend

in recent years to use freely available software and
students’ mobile devices [4]. These systems make it

possible to (1) promote active learning [5–7]; (2)

more knowledge is acquired than with traditional

classes [8]; (3) improve motivation [9]; (4) create an

environment for shy students [10, 11]; (5) monitor

class attendance; (6) increase collaboration between

teacher and student and even among students

themselves; and (7) perform student evaluations.
ARS is a technology that allows a group of

students to transmit and individually respond elec-

tronically to a questionnaire previously prepared by

the teacher [12]. Numerous studies have shown that

it is well received by students and teachers [4, 13, 14].

The traditional way of using these systems consisted

of acquiring expensive radiofrequency equipment.

In order to reduce the high costs of acquisition and

maintenance of this equipment [15], several applica-

tions for mobile devices emerged to emulate these

systems, such as Kahoot, Wooclap, Socrative and
Arsyc [16–19]. Among them we find the SIDRA

(Sistema de Respuesta Inmediata de la Audiencia)

tool that was one of the first applications of this type

to appear (https://docentis.inf.um.es/sidra) avail-

able since 2011, and which has been successfully

used in university teaching [20, 21].

ARS can integrate artificial intelligence through

neural networks or clustering systems that allow
incorporating cognitive diagnostic techniques to

improve learning [22–25]. The combination of

both resources provides feedback to the student

for instant learning and assessment. SIDRA has a

module called i-SIDRA that allows grouping stu-

dents into knowledge clusters according to the

answers to the questions of a multiple-choice ques-

tion (MCQ) test, to return personalized intelligent
diagnostic feedback to the student.

This paper mainly presents two contributions:

(1) an experiment comparing the academic perfor-

mance achieved by computer science students using

a multiplatform intelligent feedback system (i-
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SIDRA), with that obtained using a traditional

approach; (2) an analysis of the effect of the type

of feedback (reduced or elaborated) on the stu-

dents’ performance in a MCQ based intelligent

feedback system. To the best of our knowledge,

this is the first work presenting an empirical study
with these learning systems in a higher education

Computer Science context.

2. Feedback in Teaching

Feedback is a key component of building scaffolds

for learning. Feedback can provide information on
the achievement of learning objectives and the

improvement of self-regulated skills. However,

delivering feedback is a difficult task for instructors,

especially in crowded classroom contexts. There-

fore, a number of automatic feedback systems have

been proposed to alleviate the instructor’s work-

load. In particular, feedback in computer-based

learning environments is one of the essential ele-
ments for student learning. Some authors [26, 27]

define feedback as the information provided by the

computer about the learner’s performance. Both

information on the state of learning and guides to

progress from the current state to the knowledge

target can be included [28]. The scientific literature

has been pointed out that inadequate feedback can

even hinder learning [29, 30].
Three key characteristics of feedback are content,

timing and presentation. These characteristics are

determinants of effective feedback. Some authors

[27, 31] have pointed out that the feedback factor

that has the greatest influence on the learner’s

learning is the content. According to its complexity

[27], a distinction is made between simple feedback

and elaborated feedback. The former includes
checking whether the answer is correct or even

providing the correct answer. In the second, addi-

tional formative information can be provided in the

form of hints, explanations, examples, and pro-

blem-solving strategies. However, research on the

effects of both kind of feedback is scarce, so further

research is required in the area. Moreover, the

effectiveness of feedback can also be influenced by
the format of the question [32, 33]. Some authors

[34] suggest that MCQs and essay questions trigger

different cognitive demands, whereby learners also

show differences in perceiving and processing the

information provided in the feedback [32].

In higher education, feedback should be used to

shape students as self-regulated trainees [35], that is,

learners should be able to regulate issues of their
thinking, motivation and behaviour during learn-

ing. In the field of engineering education, few

studies introducing feedback in the teaching strat-

egy has been conducted. Most of these papers do

not analyse different kind of feedback [36–39]. One

of the few exceptions is the work developed by

Jaeger and Adair [40] which compared the impact

of reflective feedback versus corrective feedback on

learning effectiveness inMechanical and Aerospace

Engineering students. This study concluded that
corrective feedback promoted students to memor-

ize the correct answers, while reflective feedback

contributed to a deeper understanding of the under-

lying concepts. Specifically in the context of com-

puter science education, there has been a rising

interest in understanding how self-regulation skills

contribute to student achievements [41]. Guidelines

for good feedback practice to facilitate self-regula-
tion has been proposed in literature [42]. To the best

of our knowledge, these principles have not been

applied to provide MCQ based feedback in the

context of computer science education, in general,

and in software development project management

[43, 44], in particular. This paper aims to take a step

further in the use of feedback in education and

investigate the two different kinds of feeding back
in a MCQ based intelligent feedback system, con-

sidering good practical principles to enable self-

regulation in students. In this work, the ‘‘Assess-

ment and feedback’’ strategy to foster self-regulated

learning in higher education is adopted [45].

3. The i-SIDRA Learning System

The SIDRA system is a free public application with

a client-server architecture. This tool allows instruc-

tors to create, collect and analyse answers to

MCQs. SIDRA has interfaces for students and
instructors. Users can access it via the web or

mobile devices. The mobile version of SIDRA can

be downloaded from the Apple App Store and

Google Play [46, 47].

In SIDRA, we can provide questionnaires con-

sisting of a set of MCQs. Students can answer the

questions and see the percentage of correct answers

for each question at the end or during the session.
Alternatively, teachers can create quizzes, launch

them for students to answer, export test results and

view information about student responses. A quiz

can be configured for students to participate anon-

ymously or being identified. SIDRA has an intelli-

gent module (i-SIDRA) that allows learners and

instructors to make use of an intelligent feedback

system. The following are the steps to be taken in
the learning process with i-SIDRA.

3.1 Questionnaire Creation and Feedback

Association

The instructor initially creates a questionnaire with

several MCQs in the i-SIDRA tool. For each

question, the feedback associated with each incor-
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rect answer should be entered. Text, images, web

links, links to videos or audios can be added to the

feedback.

3.2 Generation and Loading of Knowledge States

After creating the questionnaire, the knowledge

groups are generated. The clusters are created
based on the previous answers to the questionnaire

made by other students who have already answered

it.Ahierarchical clustering algorithm [22, 48] creates

the groups, representing knowledge states, from

common answers. The clusters contain the same

correct and/or incorrect answers to the questions

posed, and constitute the participants’ response

patterns. The number of clusters is calculated using
the Silhouettemethod [49]. The tool i-SIDRA shows

the instructor graphically the possible clusters by

means of a dendrogram. The teacher can select the

number of groups considered appropriate for the

test or accept the number of groups suggested by the

tool following the Silhouette method. Table 1 shows

an example for a 10-question test with 4 possible

answers (‘a’, ‘b’, ‘c’ and ‘d’) in which 7 groups have
been formed. The character ‘*’ stands for any of the

four answers. For example, group 1 represents

students who answered a, b or c in question P1,

any answer in questions P2 and P3, and so on. The

system automatically generates feedback for each

group according to the deficiencies represented in

that group. This feedback is composed of tips,

references, hints and guidance material that a stu-
dent classified in a group (or knowledge state) needs

to read in order to understand certain concepts

based on their given answers. The automatically

generated feedback for each group can be modified

by the teacher to avoid duplication or for other

purposes. After this step, the teacher can schedule

a test for a specific date and duration.

3.3 Student Learning

Students will be able to access and answer the

questionnaire during the time period set for com-

pletion. The submission of answers to the ques-

tionnaire is done jointly for all the questions in the

questionnaire. With each submission of answers,

the student’s knowledge group or state is recalcu-

lated. If the learner’s answers are not part of the

group with the highest knowledge level (or perfect

knowledge state), the application will show the

learner the feedback for that group, thus inviting
learner to answer again. The learner will then have

to read and analyse the feedback to correct them

answers and resubmit the answers as many times as

required until the perfect knowledge state is reached

or until the time available for the test expires (see

Fig. 1).
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Table 1. Example of knowledge groups generated through clustering

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10

Group 1 a, b, c * * b, c, d b, c, d a, b, d * a, b, d * a, b, d

Group 2 c a, b b d c, d b a, d b, d a a, b

Group 3 c a b d c b d d a a

Group 4 c a b d c b d d a a

Group 5 c a b d c b d d a a

Group 6 a b b c d b c d c b

Group 7 c a b d d b d d a a

Fig. 1. Example of questions and feedback in the student inter-
face.



3.4 Analysis of the Results by the Teacher

When students’ learning phase is over, the teacher

will be able to check all the information of the test.

In particular, it will be possible to:

� View in list form the students who have accessed

the questionnaire and the last access date.

� View in list form the students who have reached

the perfect knowledge state and the last submis-

sion date.

� View each one of the submissions during the test

for each student, being able to see at what time
the test was ran, the answers the students sent and

the state reached with each submission.

� View in the form of a state diagram, individually

and collectively, the evolution of the students

with data and statistics, and the feedback

received by a student in each knowledge state

(see Fig. 2).

� Reproduce the states of knowledge in which each
student has been located. The teacher can click

on the Play button to automatically highlight the

current knowledge state and related information

after each submission (see Fig. 3).

3.5 How the System Learns

The questionnaire can be launched to as many

groups of students as necessary without generating

new clustering groups again. However, with each

test, new answers are obtained, which provides

feedback to the system itself and a new clustering

can be generated.

4. Method

4.1 Participants and Data Collection

This prospective non-randomized controlled trial

involved a convenience sample of students from the
University of Murcia enrolled in the Software

Development Project Management (SDPM)

course during the 2021/2022 academic year.

SDPM is taken in the second semester of the third

year of the Bachelor’s Degree in Computer Science.

Its contents are related to the so-called ‘‘ICT

Governance’’, which helps to train the Computer

Engineer in the areas of project management,
requirements and software process improvement.

Knowledge of these contents will facilitate future

work as an engineer in roles such as project man-

ager, ICT department management and/or consul-

tancy work, among others. The course consists of

60 classroom hours, of which 45 hours are theore-

tical and 15 hours are laboratory practice.

An opt-out recruitment method was employed in
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Fig. 2. Evolution by knowledge states and feedback received by the students through the knowledge graph created in a test.



which participants are given the opportunity to

abandon the experiment. Of the 138 participants,

110 (86.3%) were men, and 28 (13.7%) were women.

Participants’ age ranged from 20 to 24. Most of the

participants (86.8%) were in their first enrolment.

Ethics committee approval was obtained prior to
conducting the study. Sample size calculation was

conducted for a two-tailed independent t-test and

by using the G*Power 3.1.9 program [50]. With a

type I error rate of 0.05, power of 0.80, and an effect

size of 0.70, the estimated minimal required sample

size for a two-tailed independent t-test was 34 and

for a Mann-Whitney-Wilcoxon (two groups) for

independent samples was 35.

4.2 Design

For this experiment the students of the course were

distributed in 2 groups based on the allocation

made by the university’s administration and ser-
vices personnel. Although participants were non-

randomized placed in the experiment group and

control group, none of the participants had experi-

ence in the use of an intelligent feedback system, nor

previous knowledge of SDPM. Therefore, we can

assume that the study resulted in comparison

groups with these balanced characteristics. An

experimental group with 80 students who received
the SDPM learning using the i-SIDRA tool and a

control group with 58 students who received the

same contents, but without using i-SIDRA. The

tool was used in three sessions of 2 hours in the 12th

week of class. At the end of the teaching period, the

final exam of the course was given to all the students

in order to study the effect of using the system on the

students’ performance.

In order to study the effect of different types of

feedback on the students’ performance, two differ-
ent questionnaire tests were carried out with i-

SIDRA in the experimental group, called Test 1

and Test 2. The time for each test was 30minutes. In

each test, two groups were created, one group

receiving elaborated feedback and the other group

receiving reduced feedback, which was simpler and

more concise (see example in Table 2). Six types of

elaborated feedback can be used [27]: attribute
isolation, topic contingent, response contingent,

hints/cues/prompts, bugs/misconceptions and

informative tutoring. In this experiment topic con-

tingent is used for the elaborated feedback in which

the learner is given information relating contingent

to the theme studied, whereas attribute isolation is

employed for the reduced feedback, in which infor-

mation addressing central isolation attributes of the
target topic being studied are provided. In the

experiments reported in this article, the purpose of

feedback in i-SIDRA is not to tell learners what to

do next with that information, thus avoiding try

again feedback, or what their current knowledge is

at that moment, thus avoiding correct response or

verification feedback (e.g., using rubrics). Notice

that the correct and incorrectly answered questions
were never indicated, in order to encourage reflec-
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Fig. 3. Playing back the student’s transitions through the different states of knowledge.



tion and reasoning, and to avoid falling into the

‘‘trial and error’’ cycle that students may be

tempted to fall into when assessed with a set of

MCQs. The feedback was prepared following five

out of seven principles of good feedback practice to

promote self-regulation [42]: (1) ‘‘Helps clarify

what good performance is’’ by exemplars used as

a valid SWEBOK-based standard for students to
compare their answers; (2) ‘‘Delivers high quality

information to students about their learning’’ by

providing corrective advice, limiting the quantity of

feedback so that it can be used effectively and

selecting and prioritising areas for improvement;

(3) ‘‘Encourages positive motivational beliefs and

self-esteem’’ by automated tests with feedback,

using feedback oriented to provide information
on achievement rather than only about success or

failure; (4) ‘‘Provides opportunities to close the gap

between current and desired performance’’ by

resubmission of responses in MCQ with the aim

of achieving the perfect knowledge state; (5) ‘‘Pro-

vides information to teachers that can be used to

help shape the teaching’’ by playing back and

analysing the student’s transitions through the
different states of knowledge.

4.3 Hypothesis

The following hypotheses were investigated in this

work:

� H1. The final exam grades of students using i-

SIDRA are higher than those of other students.

An independent variable (TeachingMethod) and

a dependent variable (Performance as measured

by final exam grades) were defined.

� H2. The final grades of students who received

elaborated feedback are higher than students

who received reduced feedback. An independent
variable (FeedbackType) and a dependent vari-

able (Performance as measured by final exam

grades) were defined.

� H3. The feedback designed by the instructors and

delivered by the i-SIDRA system helps to clarify

misunderstandings and identify what students

still need to learn. An independent variable

(TimePoint) and a dependent variable (Increase-

NumberOfCorrectAnswers, measured by the

difference between scores at the beginning and
end of the i-SIDRA session) were defined.

� H4. Students are satisfied using i-SIDRA.

4.4 Statistical Analysis

The collected data were analysed using the statis-

tical tool SPSS 24.0 and Microsoft Office Excel

2020. A significance level of 0.050 was used to

indicate a statistically significant difference. The

Kolmogorov-Smirnov test was used to check

whether the study groups had a normal distribu-
tion. The t-Student test was employed in case the

data of the dependent variable followed a normal

distribution. If the data for the dependent variable

had a normal distribution, non-parametric tests

were used. In particular, with the Mann-Whitney

U-test the differences between the medians of two

independent groups were compared.

5. Results

Table 3 depicts some descriptive data on the i-

SIDRA experiment. First of all, notice that the
average time spent by students with reduced feed-

back (26.610 minutes for Test 1 and 18.740 minutes

for Test 2) is higher than the time spent by students

with elaborated feedback (16.250minutes for Test 1

and 15.350 minutes for Test 2). It is worth noting

that the test was considered to be finished when the

perfect state was reached or when the 30 minutes

available expired. This means that students with
elaborated feedback finished earlier, i.e. those who

reached the perfect state did so in less time than

those with clue-based feedback. Note that the

number of attempts per student in the tests with

elaborated feedback is significantly lower (4.750 for

Test1 and 6.290 for Test2) than in the tests with

clue-based feedback (19.110 for Exp1 and 8.870 for

Exp2). As a result, students with elaborated feed-
back spent more time reflecting, and did not fall

into the ‘‘trial and error’’ cycle.

Statistically significant differences were found in

the final grades between the experimental group

that used i-SIDRA (M = 7.650), and the control

group (M = 6.400), with U = 3306, p < 0.001,

confirming H1 (Table 4). It is worth noting that

while test 1 with elaborated and clue-based feed-
back was completed by 12 and 9 students (Table 3),

respectively, of these only 11 and 6 students (Table

5) took the test. On the other hand, test 2 with

elaborated and clue-based feedback was completed

by 34 and 38 students (Table 3), respectively, of

Juan J. López-Jiménez et al.954

Table 2. Feedback example (translated from the original Spanish
feedback)

Reduced feedback – Group 1

– Karlskrona Manifesto.
– GUIs overloading may be less efficient.
– In MAGERIT, impact is the consequence of a risk.

Elaborated feedback – Group 1

– The Karlskrona Manifesto defines a total of 5 dimensions
related to sustainability to promote sustainable
development.

– An overloaded graphical user interface can lead to higher
energy consumption as users spend more time trying to
find the information they are looking for.

– The MAGERIT methodology has been developed by the
Spanish Government’s High Council for Electronic
Administration with the aim of minimising the risks
associated with the use of ICT in public administration.



whom30 and 33 students (Table 5) took the test. No

statistically significant differences were obtained in

the final score between the elaborated feedback

group and the clue-based feedback group in the

two experiments, with T(5,190) = –1.928, p = 0.110

and U = 443, p = 0.474, rejecting hypothesis H2.
However, the mean scores of the elaborated feed-

back group, M = 7.590 in experiment 1 and M =

8.810 in experiment 2, were higher than the mean

scores of the clue-based feedback group, M = 7.440

in experiment 1 and M = 6.810 in experiment 2.

No statistically significant differences were

reached in the increase of correct questions from

the first to the last attempt (variable IncreaseNum-
berOfCorrectAnswers) between the elaborated

feedback group and the reduced feedback group

in the two experiments conducted T(19) = 0.217,

p = 0.831 and U = 699, p = 0.542, respectively,

rejecting hypothesis H3. The means of the incre-

ments of correct questions for the elaborated feed-

back group were M = 0.750 in experiment 1 and

M = 1.290 in experiment 2, compared to the means

of the reduced feedback group, M = 0.556 in
experiment 1 and M = 1.605 in experiment 2,

respectively (Table 6).

Finally, information was obtained about the

students’ experience with the i-SIDRA tool. For

this purpose, after the test, students completed a

survey about their participation in this experiment.

The online tool Arsyc [19] was used. A question-

naire with a 5-point Likert-type scale (5 = very high;
4 = high; 3 = medium; 2 = low; 1 = very low)

was employed. Seven questions were asked: six

evaluation questions and one final essay question.
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Table 3.Classification of the students and the attempts per experiment. PR1: test 1 with elaborated feedback. PR2: test 2 with elaborated
feedback. PR3: test 1 with reduced feedback. PR4: test 2 with reduced feedback

Description Pr1 Pr2 Pr3 Pr4

Students

Total number of students 12 34 9 38

Number of students reaching the ‘‘perfect knowledge state’’ 9 24 1 26

Number of students who do not reach the ‘‘perfect knowledge state’’ 3 10 8 12

Number of students with only one attempt or submission (students did not
receive feedback)

5 11 0 7

Number of studentswithmore than one attempt/submission (students received
feedback)

7 23 9 31

Number of students reaching the ‘‘perfect knowledge state’’ with a single
attempt (without feedback)

5 10 0 7

Number of students reaching the ‘‘perfect knowledge state’’ with more than
one attempt (feedback)

4 14 1 19

Submissions (of test answers)

Total number of attempts 57 214 172 337

Average time spent in each attempt (minutes) 3.420 2.440 1.390 2.110

Number of attempts per student 4.750 6.290 19.110 8.870

Average time spent per student (minutes) 16.250 15.350 26.610 18.740

Maximum number of attempts made by a student 14 28 33 38

Effectiveness of feedback

Number of studentswithmore than one attempt (improvement after feedback) 4 17 4 23

Number of students with more than one attempt (worsening after feedback) 2 3 3 5

Number of students with more than one attempt (neutral after feedback) 1 3 2 3

Table 4. Descriptive statistics for performance. ‘‘N’’: number of students; ‘‘M’’: mean; ‘‘MD’’: median; ‘‘SD’’: standard deviation

Group N M MD SD

Experimental (i-SIDRA) 80 7.650 7.850 9.030

Control 58 6.400 7.050 3.540

Table 5. Descriptive statistics and hypothesis test of the final grades of the group with elaborated feedback and the group with reduced
feedback in the two experiments. ‘‘N’’: sample size; ‘‘M’’: mean; ‘‘MD’’: median; ‘‘SD’’: standard deviation; ‘‘P’’: p-value

Group N M MD SD P

ExtFeedTest1 11 8.818 9.000 0.468 0.110

RedFeedTest1 6 6.816 7.500 2.519

ExtFeedTest2 33 7.593 7.800 1.822 0.474

RedFeedTest2 30 7.446 7.700 1.603



This survey was completed by 19 students in the
experimental group (Table 7).

6. Discussion

Our findings confirm that learning materials with

elaborated feedback are processed in greater depth

and allowed students to reach the learning objec-

tives earlier. The constructive and supportive infor-

mation contained in the detailed explanation may
better meet the cognitive demand of learners, help-

ing them to integrate prior knowledge with the new

information provided by elaborated feedback [27].

Previous studies [51] have shown that elaborated

feedback produces less extraneous or extrinsic

cognitive load since it decreases the distraction of

learners due to elements that do not contribute to

the learning experience, but require mental proces-
sing.

6.1 Learning Outcomes

Our results confirming H1 were in line with two

empirical studies carried out with i-SIDRA in a

General and Descriptive Anatomy of the Locomo-

tor System course of the Bachelor of Medicine [21]
and the Bachelor of Pharmacy [20]. The effect of

intelligent feedback on academic performance,

through the ESDNN tool, had already been studied

in a programming course and a course on software

quality at Bachelor’s and Master’s level, respec-

tively [22]. In this study, the final exam was divided

into two parts: a theoretical part on programming

concepts and a practical part on problem solving.
Significant improvements were only found in the

final exam score of students who used ESDNN

compared to those who did not use it. In particular,

the enhancement was achieved in the theoretical

part, which tested a similar type of knowledge to the
type of content of the SDPM course. However, no

significant differences were found in the marks for

the programming problem solving part. The expla-

nation for this result can be found in the fact that

MCQ exams do not allow for a profound learning,

particularly in the case of higher levels of Bloom’s

Taxonomy such as analysis and synthesis, which are

essential for programming problems.
The M-OFS system, an evolution of ESDNN,

was also evaluated in an experiment in an English

grammar course in two Chinese universities [52].

The students who used the tool (experimental

group) obtained an average grade of 7.952 (out of

10) compared to 7.130 for the group that did not use

it (control group), in line with our results. Similar

results were obtained in another experiment applied
in two data analysis and programming courses [53].

6.2 Effectiveness of Feedback

Our results show weak indications that elaborated

feedback offers better retention and thus a higher

Germanic cognitive load, which has been con-

trasted in previous studies [51] (Table 5). In these

previous experiments it has been shown that elabo-
rated feedback produced high motivation and

higher levels of Germanic load in learners,

namely, it produces more elements that help the

learner to consolidate the knowledge acquired

during the learning experience in long-term

memory [51]. This result can be explained by the

fact that detailed information engages learners’

deeper cognitive processes, leading to learning
gains in subsequent tasks. Further evidence on the

effects of elaborated feedback can be found in a

meta-analysis that analysed computer-based and

non-computer-based learning environments [31].
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Table 6. Descriptive statistics and hypothesis test of the increase in correct questions from the first to the last attempt of the group with
elaborated feedback and the group with reduced feedback in the two experiments performed. ‘‘N’’: sample size; ‘‘M’’: mean; ‘‘MD’’:
median; ‘‘SD’’: standard deviation; ‘‘P’’: p-value

Group N M MD SD P

ExtFeedTest1 12 0.750 0.000 2.179 0.831

RedFeedTest1 9 0.556 0.000 1.810

ExtFeedTest2 34 1.294 0.500 2.038 0.542

RedFeedTest2 38 1.605 1.000 2.199

Table 7. Means, medians and standard deviations of students’ perceptions. ‘‘M’’: mean; ‘‘SD’’: standard deviation; ‘‘MD’’: median

Id Question M SD MD

Q1 In general, are you satisfied with the use of i-SIDRA in the classroom? 3.32 1.20 3

Q2 Do you think that immediate explanations (feedback) helped you in learning? 3.53 1.26 4

Q3 Do you think the immediate explanations (feedback) helped you find the final solution? 3.11 1.41 3

Q4 Do you find that the i-SIDRA system adds incentive/motivates you to study, review and
extend subject concepts?

3.37 1.12 3

Q5 Do you like to use i-SIDRA in more subjects? 3.05 1.08 3

Q6 Please indicate your overall assessment of the use of the i-SIDRA platform. 3.32 1.16 3



In this tertiary study, elaborated feedback was

found to produce larger effect sizes than simple

feedback. Other work that studied feedback exclu-

sively in computer-based learning environments

[54–56] found that elaborated feedback is more

effective than simple feedback for learning out-
comes in university students.

However, elaborated feedback is not necessarily

more effective than clue-based feedback [57, 58].

Excessive and redundant feedback could be detri-

mental to learners’ perception and processing of

useful information, undermining the positive effect

of elaborated feedback. Moreover, feedback may

have different effects on learners in different dis-
ciplines [59]. Another factor that influences the

effectiveness of feedback is the age and prior knowl-

edge level of students [29, 57, 60, 61].

6.3 Increased Knowledge

Our findings with respect to rejecting H3 are incon-

clusive. One possible explanation for this result is
that in a test, pre-set options offer learners the

opportunity to easily present answers, which may

lead to superficial processing of feedback informa-

tion, regardless of whether it is elaborated or simple

feedback [51]. The effectiveness of feedback

depends largely on how it is perceived and inter-

preted by learners [31, 62, 63].

6.4 Satisfaction

In general, the use of i-SIDRA was rated favour-

ably, highlighting the help offered by the feedback

to the student to learn subject knowledge (median of

4), in line with a previous study that used a similar

tool (M-OFS) and in which themajority of students

(94%) considered that the system helps them to

improve their knowledge [52]. These favourable
statements for an intelligent feedback system were

also obtained in a studywith i-SIDRA in aBachelor

of Medicine [21], with an average of 3.900 out of 5,

and in a Bachelor of Pharmacy [20], with an average

of 4.400 out of 5. In addition, in essay question 6,

students highlighted the usefulness of the tool. Some

of the comments made by students were: ‘‘It helps to

internalise concepts’’, ‘‘It reinforces concepts and

improves their understanding in a more entertaining

way’’, ‘‘Use it more often’’. Notice that 90.4% of the

students who used M-OFS also expressed their

willingness to use the system again [52]. These

findings are in line with those obtained in a study

with i-SIDRA in a Bachelor of Medicine, with an

average of 3.900 out of 5, and a Bachelor of

Pharmacy, with an average of 4.410 out of 5.
In some studies, both in traditional teaching [64,

65] and in e-learning environments [66], learners

perceive elaborated feedback to bemore useful than

simple feedback. However, these studies could only

find positive correlations between perceived useful-

ness and performance in computer-based teaching

[64, 65]. In our study, the questionnaire was anon-

ymous, and no such relationships could be estab-

lished.

6.5 Limitations

Some limitations of this study should be kept in
mind. First, the experiment was conducted in a

project management course and learning perfor-

mance was assessed only by final exam grades.

Therefore, caution should be exercised in general-

izing our findings to other courses or using other

types of instruments to measure learning perfor-

mance. In addition, the study selected university

students as participants, but it should be kept in
mind that the effects of feedback may vary with the

age of the learner. Moreover, if engineering profes-

sionals had been involved, the representativeness of

theparticipantsmayhave been improved.However,

as Carver et al. point out [67], the results achieved

through empirical studies carried out with students

have an impact on the progress of Software Engi-

neering [68]. Controlled experiments with students
provide a view of problems that can subsequently be

addressed in industrial case studies [69]. Finally, our

study presented feedback in textual form. One

research direction could be to examine the effects

of feedback provided with pictures.

7. Conclusion

The i-SIDRA tool can be used in formative evalua-

tion processes. It allows the student to self-evaluate

while constantly reflecting through the personalized

feedback received, until the final solution is
reached. In turn, the teacher can easily analyse the

results of the test to detect possible deficiencies

within the group, either globally or individually.

In this experiment, it was observed that the

students who used the tool obtained better final

grades in the subject. Furthermore, there is no

evidence that elaborated feedback offers better

long-term retention than reduced feedback. Tea-
chers should be aware of the importance of prepar-

ing comprehensive and appropriate feedback to

optimize student learning. In general, students are

satisfied with the use of the tool in class, high-

lighting the help it offers them in learning.

One factor that can influence learning is the type

of question. MCQs do not favour the acquisition of

knowledge and creative thinking of students,
because this type of questions allows students to

generate answers easily and with less effort than

with questions that require an elaborated answer,

thus resulting in content superficial processing

which negatively affects learning.
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There are a number of avenues for future work:

(1) extend the study to elaborated response ques-

tions; (2) enrich the tool with new methods for the

selection of the number of groups; (3) include

gamification elements; and (4) automate the process

of enriching the answers to create a new knowledge
group structure, which currently requires teacher

intervention.
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13. A.Nájera López, E. ArribasGarde, A. Beléndez, J.M.VillalbaMontoya, J. Francés andM. J.Garcı́aMeseguer, Peer evaluation and

teaching medical physics using remote response devices (clickers), Lat. Am. J. Phys. Educ., 6(1), pp. 290–295, 2012.

14. J. E. Caldwell, Clickers in the Large Classroom: Current Research and Best-Practice Tips, CBE –Life Sci. Educ., 6(1), pp. 9–20, 2007.

15. R. H. Kay and A. LeSage, Examining the benefits and challenges of using audience response systems: A review of the literature,

Comput. Educ., 53(3), pp. 819–827, 2009.

16. Kahoot, https://kahoot.com, Accessed 17 August 2022.

17. Wooclap, https://www.wooclap.com, Accessed 17 August 2022.

18. Socrative, https://www.socrative.com, Accessed 17 August 2022.

19. Arsyc, https://arsyc.com, Accessed 17 August 2022.
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José Alberto Garcı́a-Berná, is currently a research assistant at the Software Engineering Research Group, Faculty of

Computer Science, University of Murcia. He received the BSc in telecommunication engineering from the Technical

University of Valencia, and the PhD degree in computer science from the University of Murcia, Spain, in 2021. His

research interests are requirements engineering and project management, in particular green software engineering and

energy efficiency in information systems.

Ambrosio Toval, is currently a Full Professor with the University of Murcia. He received the BSc degree in mathematics

from theUniversity Complutense ofMadrid,Madrid, Spain, in 1983, and the PhDdegree (cum laude) in computer science

from the Technical University of Valencia, Valencia, Spain, in 1994.
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