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Abstract

Background: Sound learning design should be based on the constructive alignment

of intended learning outcomes (LOs), teaching and learning activities and formative

and summative assessment. Assessment validity strongly relies on its alignment with

LOs. Valid and reliable formative assessment can be analysed as a predictor of stu-

dents' academic performance, but the question is how significant its predictive power

is, and what other elements can affect predictions.

Objectives: Our aim was to investigate the predictive power of formative assessment

for summative assessment, measuring the acquisition of LOs.

Methods: We analysed formative assessment results (quizzes, homework), together

with log data (video and other material use, class attendance), to determine the most

influential predictors and establish a reliable predictive learning analytics model. We

used the Random Forest algorithm. The model is based on the data from two univer-

sity mathematical courses, delivered at different years and levels of study, incorporat-

ing 813 students in two consecutive years.

Results and Conclusions: Our results show that formative assessment, together with

previous summative assessment, is a stronger predictor of summative assessment

results than other data on students' engagement. The study pointed to the impor-

tance of completeness and quality of data, and clear links between assessment and

LOs when making predictions of student results. It suggested that predictions are less

reliable for the lowest and the highest performing students. It was noted that other

factors can also affect predictions, like the level of LOs, or factors not easily extracted

from digital data, like the learning environment and individual students' strategies.
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1 | INTRODUCTION

Educational strategies anchored in well-defined learning outcomes

(LOs) form the backbone of effective pedagogy and sound learning

design (LD), leading to the quality and relevance of higher education.

Approaches based on LOs are a prerequisite for student-centred

teaching and learning, as LOs state what learners know and are able

to do after a learning process, which needs to be confirmed in the

process of assessment. LOs contain both the content and the level of

performance (e.g., using Bloom's taxonomy), which enable the mea-

surement of LOs in the assessment process. As such, LOs are the basis

for criteria-based assessment and ensuring assessment validity (Divjak

et al., 2023). The alignment between intended LOs, teaching and

learning activities, and both formative and summative assessments

(Biggs, 1999), ensures that the educational process is holistic and con-

siders actual learning progress.
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As the digital age and the use of big data are rapidly transforming

education, the importance of using data from these assessments to

predict and enhance student outcomes and inform LD has grown. Pre-

dictive learning analytics (LA) can significantly support the acquisition

of LOs, identification of students at risk, continuously inform LD and

also raise the satisfaction of students (Sghir et al., 2023). Develop-

ment of predictive LA models has often been data-driven, putting

more focus on the accuracy of predictions than on theory and practi-

cal pedagogical implications (Bulut et al., 2023).

Recent research has considered the prominent role of formative

assessment in developing predictive analytics models, as an upgrade

to earlier research focused primarily on predictors related to student

engagement in online learning environments (Saqr et al., 2022). In par-

ticular, recent research has pointed out that instead of such complex

variables, predictive LA models should be informed by LD and theory

and based on data extracted from online formative assessments

(Bulut et al., 2023), using the predictive power of ‘true’ assessment

data (Tempelaar et al., 2016).

Formative assessment, with continuous and immediate feedback,

offers insights not only into immediate progress, but also into the

eventual summative performance of students. However, this only

makes sense if formative and summative assessment are aligned

mutually, and with the intended LOs. Moreover, assessment should

be internally consistent. In order to present a meaningful predictor of

student performance, assessment needs to be valid and reliable (van

der Vleuten & Schuwirth, 2005). But how significant is this predictive

power? And can other types of student engagement, such as interac-

tions with digital resources or attendance, also provide additional

foresight into academic performance?

Our study brings clarity to these interrelationships, based on an

advanced machine learning algorithm and digital datasets from two

mathematical courses. The study used the Random Forest

(RF) algorithm (already recognised in predictive analytics as an accu-

rate classifier) in a specific context of mathematical education, charac-

terised by student-centred LD.

While preliminary insights highlight the importance of formative

assessment as a predictor, this research also delves deeper, examining

the specifics of data quality, the level of LOs, and the role of pedagog-

ical and individual teaching and learning strategies that influence stu-

dent success.

2 | THEORETICAL BACKGROUND

2.1 | Formative and summative assessment

If planned and conducted meaningfully, assessment not only serves

for reporting on student progress, but it can also support and steer

students in their learning processes, and teachers in making informed

teaching decisions (Ramsden & Ramsden, 2003). Assessment pro-

grams can include two types of assessment: formative and summative.

On the one hand, formative assessment refers to collecting data in

order to improve students' learning. On the other hand, summative

assessment means using data in order to assess students' knowledge

after the completion of a particular learning sequence. (American Edu-

cational Research Association, American Psychological Association

and the National Council on Measurement in Education, 2014;

Dixson & Worrell, 2016) In other words, formative assessment is con-

tinuous, done throughout a course, and helps direct the teaching and

learning process toward successful acquisition of LOs, while summa-

tive assessment is used to evaluate the acquisition of LOs at the end

of a unit of learning. However, as pointed out by Ramsden and Rams-

den (2003), “the two separate worlds of assessment called ‘formative’
and ‘summative’ in the assessment manuals do not exist in reality”, as
they are mutually closely related. Formative and summative assess-

ment with feedback have been recognised in previous studies (Divjak,

Žugec, et al., 2022) as one of the factors (based on factor analysis) in a

model encapsulating the student perspective on e-assessment,

emphasising that formative and summative assessments should be

cohesively aligned within an assessment program. Other factors in the

model revealed in the same study were the transparency and fairness

of assessment, meaningful use of technology in assessment, and diffi-

culty of LOs.

2.2 | Assessment validity

To be meaningful, both types of assessment need to comply with reli-

ability and validity standards (American Educational Research Associa-

tion, American Psychological Association and the National Council on

Measurement in Education, 2014), while also considering other ele-

ments of assessment utility: educational impact, acceptability and

costs (van der Vleuten & Schuwirth, 2005).

Validity has been described as ‘the degree to which evidence and

theory support the interpretations of test scores for proposed uses of

tests’ (American Educational Research Association, American Psycho-

logical Association and the National Council on Measurement in

Education, 2014). In educational assessment, validity relates to the

relationship between content standards and the content of a test, and

their mutual alignment (American Educational Research Association,

American Psychological Association and the National Council on Mea-

surement in Education, 2014). These standards are commonly referred

to as LOs, and the alignment between LOs and assessment has been

described as constructive alignment (Biggs, 1999). So, to ensure the

validity of assessment, it is crucial to ensure its alignment with

the intended LOs, making sure that assessment adequately measures

what it intends to. Valid assessment is essential if we want to mean-

ingfully steer and support learning, and is therefore important when

developing student-centred LD. Ensuring the validity of assessment

can be supported by LA, which can consider the prioritisation of LOs

(Divjak et al., 2023). In this process, the Balanced LD Planning concept

and tool (Rienties et al., 2023) can be used, as they are based on LOs,

constructive alignment (Biggs, 1999), and refer to the levels of LOs

according to Bloom's taxonomy (Anderson & Krathwohl, 2001).

2 DIVJAK ET AL.
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2.3 | Predictive learning analytics and formative
assessment

LA can have several types and purposes, with predictive LA being

focused on using past and current data patterns to forecast future

outcomes. They usually utilise machine learning algorithms, learning

from historic datasets and making inferences about possible outcomes

in the future. (Susnjak et al., 2022) In the last several years, there has

been an increase in the number of studies predicting academic out-

comes based on machine learning and deep learning models, using dif-

ferent kinds of student data, with the aim to improve learning

processes. In this context, predictive modelling has emerged as a cen-

tral practice in LA (Sghir et al., 2023). As a shortcoming, it has been

pointed out that there is often a lack of transparency for users in

terms of how these models make predictions (Susnjak et al., 2022).

Research has been conducted using formative assessment to pre-

dict summative assessment results and academic performance

(e.g., Bulut et al., 2023; Ekolu, 2022; Tempelaar et al., 2015a, 2018).

Researchers (Bulut et al., 2023) have claimed that, instead of variables

like event logs, timestamps of activities or clickstream data, the basis

for developing predictive LA models should be online formative

assessments. It has been found that features related to computer-

assisted and online formative assessment (e.g., scores, completion and

timestamps) are significant predictors of students' academic perfor-

mance (Bulut et al., 2023), with performance in formative assessment

being the key predictor, though not the timeliest (Bulut et al., 2023;

Tempelaar et al., 2015a, 2015b, 2018).

Studies have also dealt with a number of predictors other than

formative assessment, for example LMS track data including time-on-

task, learning disposition data, diagnostic entry tests, demographic

data, and so on. (Saqr et al., 2017; Tempelaar et al., 2015a) However,

a maths and statistics course study found that the strongest predic-

tors are found in cognitive data, that is scores on entry tests and quiz-

zes, whereas basic LMS data were not an important predictor of

learning (Tempelaar et al., 2015a). Another study (Bulut et al., 2023)

found that the number of clicks in the LMS and the time between first

access and dates of formative assessment were valuable predictors. It

was also found that the outcomes of formative assessment can be

explained using trace data on student activity in e-tutorials

(Tempelaar et al., 2018). Interestingly, a study in medicine found that

factors reflecting engagement of students and consistency in using

online resources were the most important predictors (Saqr

et al., 2017). In relation to this, it has also been noted that the predic-

tors of academic success are dependent on LD, subject area or educa-

tional institutions, which should be considered when developing

predictive models (Saqr et al., 2022). One study has found that various

prediction variables are affected by differences between subgroups in

a sample (Tempelaar et al., 2015b).

Finally, a recent systematic review found various predictor vari-

ables used in research so far can be grouped as student-related,

teacher-related and institutional features. Students' behavioural data

(logs) were found to be the most frequent input for prediction, fol-

lowed by students' academic data (grades). Other predictor variables

included demographic and prior academic data and, rarely, students'

psychological data, teachers' behavioural data or infrastructural fea-

tures (Sghir et al., 2023).

The same systematic review (Sghir et al., 2023) has shown that

researchers use several algorithms to select the best model for predic-

tion, with Artificial Neural Networks being the most often used one,

followed by Random Forest and Gradient Boosting algorithms. In pre-

vious research, the RF classifier has been linked with the highest accu-

racy and precision, with various hyperparameters presenting an

advantage over other classifiers, leading to more accurate prediction

(Kabathova & Drlik, 2021).

It should be noted that there are differences in the accuracy and

efficiency of predictive models. For example, a study (Ekolu, 2022)

used a model for probabilistic prediction, which was found to cor-

rectly estimate summative assessment results of students whose for-

mative assessment results were between 50% and 70%. In another

study, researchers were able to predict final grades with 63.5% accu-

racy and identify 53.9% of students at risk (Saqr et al., 2017).

3 | METHODOLOGY

We conducted a study to respond to the following research

questions:

1. How can formative assessment results contribute to the prediction

of summative assessment results?

2. In what ways can other contextual factors (e.g., levels of LOs,

levels of study and student activity) affect predictions?

3. What elements can affect the efficiency of prediction?

3.1 | Study setting

The study was conducted at a higher education institution offering

undergraduate and graduate IT programs. Two mathematical courses

were included: Mathematics 1 (M1), an undergraduate course with

approximately 320 full-time students enrolled each academic year, and

Discrete Mathematics with Graph Theory (DMGT), a graduate course

enrolling around 110 students annually. The two different mathematics

courses were chosen because they are delivered at different levels of

study and LOs. It was considered that students of different ages and at

different levels of study might vary in terms of self-regulation, learning

behaviour and strategies, including the use of learning resources. It has

been found that students who are older or more experienced are more

capable of differentiating learning strategies and demonstrate stronger

interrelations between them (Vermunt & Vermetten, 2004). However,

as the two courses are mathematical courses, they are related enough

for their comparison to make sense.

The M1 course has a student workload of 5 ECTS credits (equiva-

lent to 150 h of student work), while DMGT has 6 ECTS credits,

including 10 weeks of classes and 5 weeks of project-based learning

(PBL), amounting to 180 h of student work.

DIVJAK ET AL. 3

 13652729, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jcal.12953 by C

ochrane C
roatia, W

iley O
nline L

ibrary on [19/02/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



The M1 assessment program includes quizzes, homework assign-

ments (formative assessment) and three periodical exams (summative

assessment) as well as a mathematical essay (contributing 10% to the

total grade). The DMGT assessment program includes quizzes (forma-

tive assessment) and two periodical exams (summative assessment) as

well as an extensive PBL task (contributing 30% to the total grade). In

this study, we focused on quizzes as formative assessment and peri-

odical exams as summative assessment for analysis, as PBL and essays

had their unique characteristics and LOs they are related with.

M1 students were divided into several groups, with some minor

differences in tasks, which resulted in some formative assessment

data (related to Exam 2) missing for one group. In DMGT, one LO was

not covered by formative assessment. This is considered later in the

text when analysing the results related to RQ3.

Formative tasks are personalised for each student. In both

courses, the assignments consist of computational tasks, randomly

selected from the Moodle LMS assignments database, and they are

designed by the course teachers. In contrast, quizzes primarily con-

centrate on assessing students' grasp of concepts, fundamental termi-

nology and their ability to solve tasks that enhance understanding.

These quizzes offer automated formative assessment, employing an

automated grading system coupled with feedback (Divjak, Žugec

et al., 2022). The quizzes are conducted during class, while homework

assignments (M1) are completed at home within predetermined time

slots and then uploaded to the LMS. They contribute to the total

grade with smaller percentages (between 10% and 20% in total).

To successfully complete the courses, students need to accumu-

late more than 50% of the total points during the semester. Failing to

meet this requirement necessitates them to take exams during three

additional examination periods.

Both courses were originally delivered in a blended mode prior to

the pandemic, and they have transitioned to a hybrid approach, mak-

ing resources and materials available through the Moodle LMS. In this

hybrid format, students receive videos and reading materials via the

LMS and are required to engage in classes, including lectures and sem-

inars. While the majority of students attend on campus, some opt for

remote participation by either attending lectures online in real-time or

accessing the video recordings at a later point.

Sound student-centred LD was employed for both courses, utilis-

ing the Balanced Design Planning (BDP) concept and tool (Divjak,

Grabar, et al., 2022), which emphasised intended LOs and

constructive alignment with teaching and learning activities (TLA), and

assessment.

An example of constructive alignment of a course LO (DMGT)

with corresponding TLAs, formative and summative assessment is

shown in Table 1.

This alignment is crucial for ensuring the validity of the assess-

ment program. Additionally, we utilised multiple criteria decision-

making (MCDM) for prioritising the LOs and employed LA to offer

insights to develop valid assessment programs. In both courses, inno-

vative teaching methods (e.g., flipped classroom, PBL and inquiry-

based learning) are used. For example, short videos or other materials

are provided to students, they are supposed to investigate or practise

a bit, and then during lectures, after further explanations, students are

given quizzes that provide valuable feedback to both students and

teachers.

To illustrate the alignment of LOs with the student workload and

assessment, we used design analytics from the BDP LD tool for the

DMGT course (Figure 1). While no perfect correlation exists among

the elements, proper alignment and any deviations might be

explained. For example, students' pre-knowledge in mathematics may

influence the student workload, irrespective of the weight assigned to

particular LOs. Additionally, the design of a ‘perfect’ assessment can

be jeopardised by resource constraints and assessment costs. More-

over, the COVID-19 pandemic posed challenges, leading to the inabil-

ity to conduct some assessment tasks (Divjak et al., 2023).

LA can also determine which types of TLAs were used to support

students in achieving particular LOs. Six TLA types—acquisition, dis-

cussion, investigation, practice, production and assessment (Rienties

et al., 2023)—were employed in the BDP tool, with TLA related to the

level of LOs according to Bloom's taxonomy, as illustrated in Figure 2.

Additionally, the student workload correlated with the weight of LOs,

while the assessment tasks were aligned with the LO levels and con-

texts (Divjak et al., 2023).

3.2 | Data collection

We collected the M1 and DMGT assessment results and log data

available in the LMS to analyse and compare the predictive power of

formative assessment results (quizzes, homework) and other student

activity (video and e-textbook consumption, class attendance), as

TABLE 1 Constructive alignment (Discrete Mathematics with Graph Theory example).

Learning outcome Teaching and learning activities Formative assessment Summative assessment

Identify the structure and type of

proofs in mathematics

Flipped classroom:

Students individually recap

mathematical logic. The role of

proofs in mathematics is

discussed in class, and the

fundamental types of proofs are

analysed on examples

Quiz:

Students classify given proofs by

types and prove simple

statements from number theory

Exam:

Students analyse and identify the

steps and find errors in the

proofs of standard mathematical

propositions

4 DIVJAK ET AL.
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demonstrated in Table 2. The study included data from two academic

years, 2021/2022 and 2022/2023, related to full-time students. In

total, the data included 614 M1 students and 199 DMGT students

(813 students in total).

Additionally, in order to gather student perspectives on, inter alia,

the importance of formative assessment, as well as the difficulty of

specific LOs, we also administered a survey to students via the LMS in

the two academic years for both courses. Participation was voluntary,

F IGURE 1 Design analytics for the Discrete Mathematics with Graph Theory course. LO, learning outcome.

F IGURE 2 Type of activities
per learning outcomes (LOs) in the
Discrete Mathematics with Graph
Theory course.

TABLE 2 Model inputs, outputs and hyperparameters.

Course

Input data Outputs

Hyperparameters
Assessment
results Log data Binary model Quaternary model

M1 Quizzes

Homework

Exams 1, 2 and

3

Video

E-textbook

consumption

Class attendance

Class 1: s ≤ 50%

Class 2: s > 50% of points

in exam i

i = 1, 2 DMTG

i = 1, 2, 3 M1

Class 1: s ≤ 25%

Class 2: 25% < s ≤ 50%

Class 3: 50% < s ≤ 75%

Class 4: s > 75% of points

in exam i

mtry: {2,3} or {2,3,4}a

trees: random integer between 400

and 1500

min_n: random integer between 2

and 40DMGT Quizzes

Exams 1 and 2

Video

E-textbook

consumption

Class attendance

aOnly M1, when including exams 1 and 2 as predictors for Exam 3.

DIVJAK ET AL. 5
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and the questionnaire comprised both quantitative and open-ended

questions. The questions varied slightly between years and student

participation in the survey had a response rate between 42%

and 50%.

3.3 | Data analysis

The assessment data used in this study are related to two mathemati-

cal courses in which due attention is paid to the validity and reliability

of assessment. Assessment validity has been ensured based on the

alignment of assessment with the intended LOs, which have been

prioritised considering their relative importance (Divjak et al., 2023).

To ensure reliability and other assessment characteristics, we analysed

the exam structure based on the statistics provided by the Moodle

LMS. Besides the internal consistency of the exams, this also includes

statistics related to each of the items, primarily the facility index (the

average mark related to each item), the effective weight (versus the

intended weight), the discrimination index (correlation between

the score for a specific item and the score for the exam) and the dis-

criminative efficiency (how good the discrimination index is relative to

the difficulty of the item).

The assessment data were analysed using the RF algorithm in

R. The RF is a machine learning algorithm used for classification and

regression purposes, based on building multiple decision trees

and combining their results for final classification. When building deci-

sion trees, different subsets of attributes are randomly selected.

Because of the Law of Large Numbers, there is no overfitting. As such,

RFs are considered to be an effective tool in making predictions

(Breiman, 2001; Kursa & Rudnicki, 2010). Importantly, RFs are popular

due to the possibility of variable importance measures (VIMs), with

the impurity importance and the permutation importance being the

most widely used VIMs (Nembrini et al., 2018).

In our analysis, we first performed cross-validation to choose,

among 1000 randomly chosen combinations of hyperparameters

(as in Kabathova & Drlik, 2021), the appropriate combinations to make

the learning algorithm as good as possible. After that, we performed

the RF on the training dataset, and tested the efficiency of the algo-

rithm on the testing dataset. For each of the courses, the data from

both academic years were merged, and then randomly distributed,

with 75% used for training, and 25% for testing.

The analysis was performed for two models. Basically, for each of

the two courses, students were divided into classes based on their sum-

mative assessment results (periodical exams): two classes (binary model—

B) and four classes (quaternary model—Q). Students were divided into

classes depending on the number of points they achieved in each period-

ical exam—with the total number of points divided by two (50%) in the

binary (B) model, and with the total number of points divided into quar-

tiles (25%) in the quaternary (Q) model. The details regarding model

inputs, outputs and hyperparameters are shown in Table 2.

The efficiency of each model was assessed based on several met-

rics, including the area under the Receiver Operating Characteristics

curve (ROC_AUC). The ROC curve is a plot of the true positive rate

(sensitivity) versus the false positive rate (1-specificity), at different

threshold settings. As a graphical representation, it is used to assess

the performance of binary classification models, with several

approaches to extending the ROC curve to multi-class classification

tasks. ROC_AUC is the area under the curve (Hand & Till, 2001;

Mandrekar, 2010).

Moreover, confusion matrices were analysed for each model. Based

on that, in this article, we present the Q model as the more efficient one

but also more important for practical use, as described under Results.

We analysed the importance of predictors based on the men-

tioned VIMs, that is using the Gini index and using permutations. We

used the Boruta extension for finding the initial set of predictors. Bor-

uta adds more randomness (Kursa & Rudnicki, 2010), by creating, for

each variable, a ‘shadow variable’ with permuted values, and training

the RF on this extended dataset, containing both original and ‘shadow
variables’.

For the DMGT course, the analysed predictors of success in Exam

1 included quizzes, videos, e-textbooks and class attendance based on

Boruta algorithm's results. For Exam 2, besides the mentioned predic-

tors, a version of analysis was performed to test the predictive power

of success in Exam 1 as well. As for the M1 course, the analysed pre-

dictors of success in Exam 1 included quizzes, homework, videos,

e-textbooks and class attendance. For exams 2 and 3, besides the

mentioned predictors, a version of the analysis was performed to test

the predictive power of success in the previous periodical exams as

well. Additionally, for the DMGT course, the importance of predictors

of success in the acquisition of each LO was analysed as well.

Furthermore, log data from the Moodle LMS were analysed with

respect to the four student classes, to provide a better understanding

of how their activity relates to their summative assessment results.

This included data on repeated access to formative assessments,

access to e-textbooks and videos, as well as class attendance.

Student survey data were analysed with descriptive statistics.

4 | RESULTS

The Cronbach's alpha index showed that summative assessments

included in the study were acceptable in terms of internal consistency,

with values in the range from 68% to 78%. The validity of the assess-

ments was checked based on their alignment with the intended LOs

of the course (Divjak et al., 2023).

4.1 | Efficiency of the model

The efficiency of the models (both B and Q) was assessed based on,

inter alia, the ROC_AUC metric. For each of the two courses, for both

the training and testing dataset, the ROC_AUC values are presented

in Tables 3 and 4 below.

According to literature, ROC_AUC values above 0.7 are consid-

ered acceptable, with values above 0.8 excellent and above 0.9 out-

standing (Hosmer & Lemeshow, 2000). Taking this into consideration,

6 DIVJAK ET AL.
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it was found that the high ROC_AUC values related to the training set

(generally around or above 0.9) indicate excellent discriminatory

power, and show that the model has learned the patterns well. There

is no underfitting, that is a high rate of bias. When the ROC_AUC

values related to the testing set are considered, the efficiency of the

models was generally found to be acceptable (with values around or

above 0.7), except for the DMGT Be2-model. In this article, we

describe in detail and discuss further the Q models, as there are better

ROC_AUC values related to testing in the Q models, but also because

they provide the level of granularity which enables more thorough

insights and interpretation.

The efficiency of the models was also analysed based on confu-

sion matrices, with the ones related to the models demonstrating the

highest efficiency according to the ROC_AUC presented below.

In relation to the M1 course, it was found that, concerning exams

1 and 2, the (Q) model performed well in predicting the students in

the middle quartiles, that is in classes 2 and 3. For example, regarding

Exam 2 (Figure 3), the model Qe2+ correctly predicted 27 class 2 stu-

dents and 50 class 3 students, although it also misclassified 22 stu-

dents actually belonging to class 2 as class 3. The model performed

less well in predicting the lowest and the highest quartiles, struggling

to accurately predict the students in classes 1 and 4. For example,

regarding Exam 2, it underpredicted the number of students in class

4, correctly detecting 10 students, but classifying additional 11 as the

neighbouring class 3.

The results were different when it came to Exam 3 (Figure 4).

Here, the model performed well in predicting the lower quartiles, or

lower performing students. For example, the model Qe3-correctly

predicted 42 students in class 1 and 47 students in class 2. It also mis-

classified additional 24 class 1 students as class 2 and 22 class 2 stu-

dents as class 1.

As for the DMGT course, the confusion matrices suggested that,

for Exam 1, the model performed well in predicting the middle quar-

tiles, in particular class 3. For Exam 2, it also performed well in predict-

ing class 3, but with class 4 coming in second, suggesting better

performance in classifying the better performing students.

4.2 | The importance of predictors

4.2.1 | Discrete mathematics with graph theory

For Exam 1, class attendance came out as the least important predic-

tor based on the Gini index, permutations and the Boruta extension

equally. As for other predictors, the three VIMs gave different results,

putting the predictors in the following order (from the most impor-

tant): quizzes, e-textbook, videos (Gini); e-textbook, quizzes, videos

(permutation); e-textbook, videos, quizzes (Boruta).

For Exam 2, the results were more uniform, with the Gini index

and the Boruta pointing to the following order (from the most impor-

tant): first periodical exam, quizzes, e-textbooks, class attendance and

videos. With permutation, quizzes came out as second least

important.

The analysis of predictors (B model) of success in the acquisition

of LOs (those that are covered by both formative and summative

assessment) generally pointed to the importance of quizzes, followed

by e-textbooks and class attendance. Videos were again not found to

be an important predictor. It should be noted that the ROC_AUC

values were not acceptable in relation to all the tested LOs. However,

for the LOs for which they were acceptable, and which turned out to

be at the Apply level (LO1, LO5) of Bloom's taxonomy (Anderson &

Krathwohl, 2001), quizzes came in the first place looking at two of the

three considered indices (whether Gini, permutations or Boruta), fol-

lowed by e-textbooks or class attendance.

4.2.2 | Mathematics 1

For Exam 1, quizzes and homework were found to be the most impor-

tant predictors according to all the three measures. As for the other

three predictors, the order was the following (from the most impor-

tant): e-textbook (reading material), videos, class attendance (Gini);

video, class attendance, e-textbook (permutation); class attendance,

video, e-textbook (Boruta).

For Exam 2, the success in Exam 1 was found to be the most

important predictor according to all the three measures. Quizzes,

e-textbook and homework were moderately important (though in dif-

ferent order considering the three measures), while videos and class

attendance (in varying order) were the least important.

For Exam 3, the success in exams 2 and 1 (respectively) was

found to be the most important predictor based on all the three mea-

sures, followed by quizzes. E-textbook, class attendance and home-

work (in varying order) were moderately important, while videos came

out as the least important.

4.3 | Contextual factors affecting predictions

In addition to identifying the predictors of success in summative

assessments (exams), we examined the distribution of students

TABLE 3 DMGT—efficiency of the models based on the ROC_AUC metric.

Exam 1 Exam 2 (excluding Exam 1 as a predictor) Exam 2 (including Exam 1 as a predictor)

Be1 Qe1 Be2� Qe2� Be2+ Qe2+

Train Test Train Test Train Test Train Test Train Test Train Test

0.924 0.623 0.900 0.652 0.939 0.415 0.867 0.666 0.972 0.643 0.894 0.694
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across classes in two consecutive academic years encompassed by

this study. We assessed the reliability of summative assessments

using Cronbach's alpha in the Moodle LMS and analysed students'

activity within the Moodle LMS through log data for each activity,

as well as fluctuations in activity throughout the semester. It is

important to note that our analysis is limited to capturing activities

within the LMS and does not include potential student activities

outside of it.

Our findings reveal similar distribution patterns across four classes

over the two academic years, as illustrated by the M1 Exam 1 and

DMGT Exam 2 graphs in Figures 5 and 6. This uniformity supports the

aggregation of data from the 2 years into a single sample. Furthermore,

the results indicate that, as anticipated, students in the graduate-level

DMGT course exhibit higher success rates compared with the freshmen

in the undergraduate-level M1 course. Notably, a pattern emerges in

M1, where success on Exam 3 lags significantly behind that on exams

1 and 2 (with similar result patterns). This transition towards lower scores

is also depicted in the braided graph in Figure 7. In contrast, students

perform better on Exam 2 (graph theory) than on Exam 1 (discrete math-

ematics and number theory) in DMGT, as shown in Figure 8.

Students' online activities are concentrated around the weeks of

the periodical exams (three for M1 in weeks 6, 11 and 16, and two for

DMGT in weeks 6 and 12), as can be seen in Figures 9 and 10. Better-

performing students evidently invested more time in (online) learning.

It is worth mentioning that we categorised classes based on Exam

1 outcomes.

Examining Figures 11 and 12, we observe that in both courses,

the most frequently consulted resources were previously taken for-

mative assignments (quizzes for M1 and DMGT, and homework for

M1). Intriguingly, more successful students engaged with more read-

ing materials (e-textbooks with exercises, additional PDFs, etc.) than

their less successful peers.

4.4 | Student perspective

In both the 2021/2022 and 2022/2023 academic years, students of

the M1 and DMGT courses had the chance to provide feedback after

Exam 1. For the 2021/2022 academic year in the M1 course, 127 out

of the 305 students who took Exam 1 responded to the survey,

resulting in a 42% response rate. For the DMGT course, 50 out of

103 students who took the exam completed the survey, giving a 49%

response rate. In the 2022/2023 academic year for M1, 150 out of

320 students who took Exam 1 answered the questionnaire, equating

to a 47% response rate. For the DMGT course in the same year,

51 out of 103 students who took Exam 1 provided feedback, repre-

senting a 50% response rate.

In both years and across both courses, content related to mathe-

matical proofs and rigours mathematical reasoning was identified as

the most challenging.

Feedback from M1 students in the 2021/2022 academic year

revealed that the majority recognised the connection between forma-

tive and summative assessments. They also indicated that formativeT
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assessment was beneficial for their exam preparation (as seen in

Figure 13).

In the subsequent year, students from both courses were asked

to evaluate the helpfulness of formative assessment in preparing for

the summative exam. A significant majority from both courses

reported that formative assessment was useful in at least one aspect,

whether content-related (align with LOs) or technical (such as familiar-

ity with e-exams), if not both. As shown in Figure 14, only a minority

(16% of respondents) felt that the formative assessment was not

helpful. Among first-year undergraduate students (M1), 53% found

formative assessment beneficial in both the technical and content-

related aspects, whereas graduate students appreciated the content-

related assistance more.

5 | DISCUSSION

5.1 | RQ1: How can formative assessment results
contribute to the prediction of summative assessment
results?

The analysis of the importance of predictors showed that formative

assessment is an important predictor of success in summative assess-

ment, that is, in the acquisition of LOs. In particular, quizzes have been

found to be an important predictor (in both courses), followed by home-

work (in M1) as a form of formative assessment. In general, other student

activity, such as e-book consumption, class attendance and especially

watching videos, were not found to be as important predictors of stu-

dent success in summative assessment. The results of the analysis of pre-

dictors per LO in the DMGT course point to a similar conclusion,

confirming the importance of formative assessment in predicting the

acquisition of LOs. These results are in line with some previous findings

(Bulut et al., 2023), showing that online formative assessment scores are

the key predictor of students' course performance.

Our study also found that previous summative assessment (peri-

odical exams) is an important predictor of success in the following

summative assessment. This is evident in the context of both analysed

courses: the DMGT course, where Exam 1 was found to be the best

predictor of success in Exam 2, and the M1 course, where exams

1 and 2 were shown to be the best predictors of success in Exam

3 (according to all the three analysed measures—the Gini index, per-

mutations and Boruta). In relation to the latter, it can be discussed

that in M 1 the first two exams are the strongest predictors of success

in Exam 3 because of students' learning strategies: if their success in

the first two exams does not allow them to complete the course via

periodical exams no matter how successful they are in Exam 3 (and

they have to sit the full exam at the end of the semester anyway),

they do not make the effort to pass Exam 3. If we look at the log data

related to student activity around Exam 3, we can also see the lowest

activity rate in relation to the other two exams. Furthermore, the fact

that Exam 2 is a stronger predictor than Exam 1 can be explained in

the context of LOs, as Exam 2 is more related to Exam 3 than Exam

1. This pattern is very different in DMGT, because after Exam 2, stu-

dents work on a team project and do not have another exam as in

M1. Furthermore, graph theory as the content covered by Exam 2 is

much closer to practice (our students study IT) than mathematical

proofs, relations and number theory covered by Exam 1. That was also

confirmed in students' feedback in the questionnaire. M1 students

also expressed difficulty with proofs, but since they are first year

undergraduate students, the outcomes and consequently the perfor-

mance expected from them is much less demanding than from the

DMGT students.

F IGURE 3 M1 Qe2+ confusion matrix.

F IGURE 4 M1 Qe3� confusion matrix.
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Furthermore, our results also reveal some differences in the

importance of predictors between the two courses, pointing to the

role of context. For example, when comparing the predictive power of

e-textbook consumption, the results show that their predictive power

is generally higher in the context of the graduate course (DMGT). This

may be related to the learning habits and styles of more senior stu-

dents and their ability to learn independently. This comes as no sur-

prise, as it has already been found that predictors of student

achievement depend on contextual factors related to LD, subject area,

and educational institutions (Saqr et al., 2022).

The essential premise in the background of this predictive model

is that formative assessment needs to be aligned with summative

assessment. This is related to the notion of constructive alignment

(Biggs, 1999) of LOs, TLAs and assessment, as well as to the validity

of assessment (Divjak et al., 2023).

In particular, to ensure the validity of assessment, it is essential to

link assessment (both formative and summative) with the intended

LOs. While doing so, it is crucial to note that not all LOs are equally

important. Therefore, for the courses used in this study, this was done

in line with the approach presented in Divjak et al. (2023): the assess-

ment programs were not only based on LOs, but also reflected their

prioritisation, which can be done by utilising various multi-criteria

decision methods. Ensuring valid assessment is an important part of

LD and its continuous improvement (Divjak et al., 2023).

In other words, for this predictive model to make sense, and to be

able to use the predictive power of formative assessment, the

precondition is to ensure that assessment is constructively aligned

with the intended LOs, and that formative and summative assessment

are mutually linked (Figure 15). In practical terms, that means that, for

example, for a particular LO, there should be dedicated tasks in quiz-

zes, as well as in the relevant periodical exams. At the same time, stu-

dents' performance in summative assessment needs to be considered

in the quality assurance and consequent revision of LOs.

Such coherence should be ensured while developing and improv-

ing LD, and can be supported by LD analytics, like those provided by

the BDP LD tool (Divjak, Grabar, et al., 2022).

Student feedback (questionnaire), in which nearly half of the stu-

dents across both courses and years actively participated, indicating a

strong level of student engagement in feedback mechanisms, the

majority of students recognised the value of formative assessments in

preparing for their summative exams, underlining the significance of

these assessments in curriculum design. It is obvious that students

seemed to benefit from both the content and the technical guidance

provided by the formative assessments. Additionally, there were evi-

dent differences in preferences between undergraduate and graduate

students. Undergraduates appeared to value the technical aspects of

formative assessments more, while graduates leaned towards

content-related assistance. This divergence can be because graduate

students have already reached the technical level needed for e-exams.

Lastly, while the majority found formative assessments beneficial, the

fact that a minority did not find them helpful points to potential areas

for refinement in future curriculum iterations.

F IGURE 5 Distribution of Mathematics 1 students into classes.

10 DIVJAK ET AL.
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5.2 | RQ2: In what ways can other contextual
factors (e.g., levels of learning outcomes, levels of
study and student activity) affect predictions?

During curriculum implementation, data on student activity in their

online learning environment (log data) can be used as the basis for

LA. So, while discussing the predictive power of various types of

student activity in the LMS, it is also worth considering the intensity

with which students took part in these activities.

F IGURE 6 Distribution of Discrete Mathematics with Graph Theory students into classes.

F IGURE 7 Mathematics 1 students' transitions between classes.

F IGURE 8 Discrete Mathematics with Graph Theory students'
transitions between classes.

DIVJAK ET AL. 11
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To do so, we analysed the number of students' logs into

e-textbooks, formative assessment quizzes and videos, as previously

described. These results may shed some more light on why the order

of predictors looks the way it does. Namely, in the DMGT course,

regardless of the student class (based on their success in Exam 1), re-

visiting formative assessment (quizzes) around the time of summative

assessment (Exam 1) was generally found to be more intense than

using e-textbooks, and especially than watching videos. This reflects

the importance of predictors of success in Exam 1 according to the

Gini index (though the other two measures point to different impor-

tance values). Similarly, in the context of the M1 course, the most

intense activity around periodical exams was related to re-visiting for-

mative assessment quizzes, followed by e-textbooks, and, lastly,

videos, roughly reflecting the results related to the importance of pre-

dictors. As videos turn out to be the least popular resource, it is also

worth considering why they come at the end of the spectrum when it

comes to the importance of predictors. As for why such materials are

less popular, this phenomenon could be attributed to the fact that

many videos are recordings of live classes or their summaries, and

most students attended classes in person and took notes. This is

because the courses were delivered in a hybrid mode, with the major-

ity of students participating face-to-face and engaged in TLAs, and

videos are a passive learning resource. There was less need to watch

videos at home and videos were most often used as recapitulation

material immediately before exams. Additionally, students may not

have been accustomed to exploring other types of videos available in

F IGURE 9 M1 students'
activity per week.

F IGURE 10 Discrete
mathematics with graph theory
students' activity per week.
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F IGURE 11 M1 students' weekly activity per resource/predictor.

F IGURE 12 Discrete mathematics with graph theory students' weekly activity per resource/predictor.

DIVJAK ET AL. 13
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the LMS intended to prepare them for classes, particularly within the

context of the flipped classroom approach.

Besides some difference in the importance of predictors, M1 and

DMGT students also showed different patterns of progression, point-

ing to a difference between undergraduate (M1) and graduate

(DMGT) students. But generally, students who performed well on

Exam 1 maintained their standing in subsequent exams, indicating that

success in Exam 1 can be a strong predictor for future performance

(if performance in previous exams is analysed as a predictor). How-

ever, in our case, M1 students showed a decrease in success towards

the end of the semester (Exam 3, probably for previously discussed

reasons), while DMGT students showed an increase in success (with a

substantial portion of students shifting from class 3 to class 4). Stu-

dents who did not perform well in Exam 1, belonging to the lower

quartiles, demonstrated some improvement over time, with DMTG

students from the second quartile showing notable potential for

improvement. These variations in outcomes may be tied to students'

activity levels during the course and their individual learning

approaches, strategies and self-regulation.

This analysis might have a particularly important influence on

LD. Generally, insights into what types of student activity in the LMS

has the highest frequency (based on log data) might support educators

and learning designers in rethinking and possibly improving course LD

in a way that better responds to the needs of their students. In partic-

ular, the analysis provides valuable insights when it comes to assess-

ment planning, enabling educators to tailor support for students

based on their results in Exam 1. Moreover, the results of this analysis

provide valuable insights as grounds for feedback to students

(Banihashem et al., 2022), which can support them in the develop-

ment of effective learning practices. Furthermore, the results highlight

the importance of encouraging continuity and persistence in learning

throughout the course.

In general, student perspective, based on the survey in both

courses, but also on previous analysis (Divjak, Žugec, et al., 2022) indi-

cated a consistent observation that LOs related to mathematical

proofs and abstract mathematical reasoning were continuously chal-

lenging, hinting at a potential area where enhanced instructional sup-

port might be beneficial.

Due to the number of students involved in the analysis as well as

the number of course LOs, we came to some predictors on the level

of LOs only for LOs on the Apply level, showing that regular practice

(represented here by quizzes) supports students to better perform

related to these LOs, which does not come as a surprise. But, it is

interesting to note that we tried to use the flipped classroom

approach and ask students to look at some materials before classes

F IGURE 13 Links between
formative and summative
assessment.

F IGURE 14 Formative assessment supports summative—student
perspective.

F IGURE 15 Linking learning outcomes (LOs) with formative and
summative assessment.
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and this result indicates that the combination of acquisition and prac-

tice activities, followed by formative assessment, is beneficial for

students.

5.3 | RQ3: What elements can affect the efficiency
of prediction?

The validity of assessment is a prerequisite for predicting assessment

results, providing recommendations for continuous improvement in

LD, and supporting students' self-regulated learning, as well as making

meaningful predictions (Divjak et al., 2023).

When discussing the performance of a predictive model, our

study points to several issues.

Our results suggest, based on the ROC_AUC values, that all the

models—whether binary or quaternary, whether including previous

summative assessments or not—perform excellent on the training

data, but with a drop in performance on the test data. This suggests a

need to collect additional data, to provide the model with more learn-

ing material. Namely, the models generally do best in classifying the

middle quartiles, with some difficulty in classifying the lowest and

the highest performing students, suggesting difficulty in distinguishing

between extremes of performance. This is related to class imbalance,

so more data, with an emphasis on the lowest and highest performing

classes, could enable the models to learn the characteristics of these

students better, leading to better predictions. At the same time, due

to the fact that very often we have normal (Gauss) distribution of per-

formance data, the lower number of students in extremes is expected.

Nevertheless, for higher education, it is important to collect and ana-

lyse their own data and not just accept conclusions based on MOOC

data (very large samples) that are more reliable but not always rele-

vant for higher education. Another approach would be to collect data

several years in a row (if teaching and assessment models are similar)

and aggregate them. Unfortunately, data collected during the peak of

the pandemic (online teaching and learning) differ considerably from

regular delivery (mainly blended or hybrid).

Moreover, it should be noted that the efficiency of prediction is

related to the way students' summative assessment results are cate-

gorised. In the context of our study, this is related to the differences

between the B and the Q model. As demonstrated in Tables 3 and 4

above, if we look at both analysed courses, the ROC_AUC value on

the testing dataset is most often higher for the Q than the B model. In

relation to the DMGT course, this applies to all summative assess-

ments (Qe1, Qe2+ and Qe2�), while in relation to the M1 course, it

applies to the majority (Qe2+, Qe3� and Qe3+). This points to the

importance of considering (and testing) various possible categoriza-

tions in order to receive the best possible results. Even though binary

classification is more researched and applied, it is not fine enough to

support changes in LD.

Our study pointed to the importance of completeness of data. In

particular, this is related to the M1 course, where a problem with

missing data appeared. Namely, for Exam 2, different student study

groups had different tasks, so the data were not comprehensive.

Moreover, in relation to the DMGT course, where the predictors were

also analysed in relation to separate LOs, the analysis could not give

comprehensive results as not all LOs were covered by formative

assessment. Furthermore, we have a problem because we can collect

only digital data about student engagement, not capturing the data

from the physical environment, even though we are aware that in f2f

learning there are other important incentives or obstacles for learning,

or other online learning platforms (Araos et al., 2023). Finally, students

at risk, besides predictors related to teaching and learning, also have

strong influence coming from socio-economic status and personal

challenges (Merritt & Buboltz, 2015).

5.4 | Limitations

The main limitation of our study is that it encompasses a limited num-

ber of courses (two maths courses), in a specific field of study (infor-

matics). Widening the research to additional courses, in different

study fields, and also educational contexts, may elicit different results,

especially in relation to the importance of various predictors, as stu-

dents may be more inclined to use different types of resources. More-

over, when it comes to the analysis of log data, it should be noted

that our analysis included only student activity in the LMS, whereas

potential student activity outside the LMS was not part of the analy-

sis. Furthermore, we have unbalanced data (low numbers) about the

lowest and the highest performing students and have not taken into

consideration the factors outside of the LMS that we know that can

influence the student-at-risk category.

6 | CONCLUSION

Assessment is part of a learning process and cannot be concentrated

only on one or a few assessment points in time. Formative assessment

needs to be continuous, aligned with intended learning outcomes

(LOs) and summative assessment. Formative assessment should also

be valid if we want it to contribute to the achievement of intended

LOs, as well as if we want to use it as a predictor of student success.

To make predictions of student performance based on formative

assessment results, it is essential that formative assessment is con-

structively aligned with LOs and summative assessment.

Planned LD needs to be related to the curriculum implementation

via combining LA coming from LD (design analytics) and LA capturing

student traces in the learning environment. Prominent patterns of stu-

dent engagement with learning material, learning environment and

peers can be discovered via different machine learning methods,

and here, we used the Random Forest classification algorithm to

develop a predictive LA model. The model is based on the data from

two university mathematical courses, delivered at different years and

levels of study and incorporating 813 students in two consecutive

years.

The analysis of the importance of predictors showed that forma-

tive assessment, together with previous summative assessment if
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available, is an important predictor of success in summative assess-

ment, that is, in the acquisition of LOs. A vast majority of students

found formative assessments beneficial in preparation for summative

exams. For a predictive model to make sense, and to be able to use

the predictive power of formative assessment, the precondition is to

ensure that assessment is constructively aligned with intended LOs,

and formative and summative assessment are mutually linked.

Finally, successful students use a variety of resources to learn and

prefer e-text books to videos.
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