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CHAPTER 1

Introduction

Data are everywhere. Their volume increases rapidly in many �elds, including educational
assessment, which relies heavily on the use of data. When a learner interacts with a test
question (item), data are created from which information about the learner and the item
can be derived. In psychometrics (the science, theory, and technology of measurement;
e.g., Brennan, 2023), such data are used to estimate the ability of the learner as well as
characteristics of the item such as its di�culty. Item characteristics are used to assemble
tests, and when combined with information about the learner, this data can also be
used for the personalization of tests. Traditional examples include computerized adaptive
testing and multistage testing.

The ongoing transition from paper-based to digital testing has resulted in larger
amounts and di�erent types of assessment data being available. Testing digitally not
only allows capturing student answers (responses), but also indicators of the process that
a student went through while answering (process data), such as the time the student
spent answering, how often the student rewrote a response before submitting, where on
the screen the student clicked, or even which part of the screen the student looked at
at a speci�c point in time. Data resulting from the digitization of educational processes
can be used to provide additional support and insights to learners and teachers, and thus
data-informed teaching is gaining traction in recent years (e.g., Schenke & Meijer, 2018;
Schildkamp & Poortman, 2022).

The worldwide increase in data availability has gone hand in hand with staggering
improvements in the computational processing power of available hardware, such as the
introduction of GPUs (graphics processing units) for their parallel computing abilities,
as well as scienti�c breakthroughs in the modeling of data, allowing for the possibility
of increasingly complex and often real-time analyses (Wetenschappelijke Raad voor het
Regeringsbeleid [WRR], 2021). An example of this phenomenon is the recent widespread
adoption of generative AI.

This combination of increased availability of data, improved computational processing
power, and scienti�c modeling breakthroughs o�ers opportunities to use data from educa-
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tional assessment in new ways in order to gain additional insights into learning processes
as well as to o�er support to various educational stakeholders (Saab, 2025). At the same
time, new challenges and dangers arise, such as concerns around pedagogical autonomy
(Saab, 2025), model biases, the use of learners' data, and learners' rights to privacy (e.g.,
Vervaart, 2025). Societal debate has also occasionally centered around such challenges in
recent years, discussing, for example, which data should be saved, and who should (and
should not) have access to them (e.g., Hagen, 2025).

This dissertation aims to make use of the opportunities that educational assessment
data o�er in a responsible and practice-oriented manner, and to add value to educational
practice for students and teachers by doing so. The main research question is therefore:

�How can we responsibly create additional value from educational assessment data?�

Within the studies of this dissertation, we make use of di�erent types of educational
assessment data and a wide array of methods in order to explore possible answers to this
question. To ensure a strong connection to educational practice and increase its relevance
and potential for real-world application, we involve teachers and students in the research
where possible.

1.1 AI in education

While I wrote this dissertation, AI made its way from the domain of science into the lives
of anyone with access to the internet and a device. This is so much the case that the
Netherlands Scienti�c Council for Government Policy views AI as a new system technology
(Wetenschappelijke Raad voor het Regeringsbeleid [WRR], 2021), on par with electricity
or the internal combustion engine. When their report came out in 2021, no labs existed
in the Netherlands around the use of AI in education. Since then, NOLAI (The National
Education Lab AI) has been founded with large-scale funding from the Dutch government,
and many other smaller AI hubs and communities have also come into existence.

The impact of AI on education cannot be overstated. More and more AI tools that use
and produce data (or models that were trained on data) are being developed, implemented,
and used. For example, the OECD recently reported that about one-third of teachers have
used AI in their work, with strong variation between countries (OECD, 2025). At the same
time, the proportion of AI tools in education that is based on existing knowledge about
learning or teaching remains underwhelming (Molenaar, 2024).

Complicating factors for the integration of AI tools into education are laws and policies
around AI. Researchers, developers, and entrepreneurs in the European Union now also
must take the AI Act into account, in addition to the already implemented GDPR. For
example, under GDPR, data may only be used for the goal for which they were collected,
and for children under the age of 16, parental consent is required for data collection. The
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1AI Act classi�es the use of AI in education as high-risk. This classi�cation means that
no biometric data may be used, a register must be kept documenting AI use, and proper
oversight is required. Upcoming changes in the AI Act and other relevant legislation
in upcoming years bring uncertainty to ed-tech companies and stakeholders in education
alike. Additionally, legislation varies internationally, complicating the use of AI models and
tools developed in di�erent parts of the world, such as by American �Big Tech� companies.

A current societal concern regarding AI is that increasing automation will lead to
job loss or change the distribution of available jobs. This is a valid concern, especially
considering that this is already becoming a reality in some places and areas of work,
such as the American tech industry (Burleigh, 2026). It is still unclear how exactly the
introduction of AI will impact jobs in the educational domain. However, the �eld of
education has a large number of tasks that are di�cult to automate (Molenaar, 2024).
This is why Molenaar argues that AI in education should augment human intelligence
rather than replace it (Cukurova et al., 2019). In this perspective, humans and AI can
collaborate to achieve more than either could alone. Human work can be partially replaced
by, supplemented with, and enriched through the use of AI. In the studies within this
dissertation, we make use of several techniques that are viewed as AI, such as recommender
systems and natural language processing techniques (Wetenschappelijke Raad voor het
Regeringsbeleid [WRR], 2021). When describing the individual studies of this dissertation
in the following section, I indicate whether the techniques are used to partially replace,
supplement, or enrich human work.

1.2 Included studies

Chapter 2

3
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Recommender systems are the algorithms used by companies such as Spotify, Amazon,
and Net�ix to recommend products (e.g., songs and series) to their users. Chapter 2
investigates whether these algorithms can be used to recommend personalized practice
tests to students based on scores they achieved on an earlier test. We apply �ve di�erent
recommender systems to existing data from central examinations at the end of Dutch
secondary education to predict scores for student responses from earlier years, and then
compare these scores to those that the students actually received. In this way, we assess
the theoretical feasibility of using recommending systems for providing practice tests to
students.

Chapter 3

The next chapter picks up where the previous left o�. After ascertaining the theoret-
ical feasibility of using recommender systems for providing personalized practice tests in
Chapter 2, in Chapter 3 we develop a new type of recommender system using cognitive
diagnostic modeling (CDM, a category of methods within psychometrics that assesses
whether a student has achieved mastery on speci�c topics), and experiment with the
application of it within the classroom using a digital prototype called Biologie+ (see
Section 1.3). In the experiment, some students receive a personalized practice test and
others a �xed practice test. We investigate whether students with a personalized practice
test achieve larger learning gains, and how the students in each experimental condition
experience the practice session.

4
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1Chapter 4

In Chapter 4, we not only make use of scores that students received for their responses
on items, but also of data derived from recording their actions within a digital assessment
environment. For one mathematics item that was administered in a large-scale survey
in France, we try to uncover the solution strategy that students used to solve the item
using the log data resulting from their actions. This type of information could be used by
teachers to determine pedagogical actions towards their students, and potentially evaluate
their own teaching leading up to the assessment.

5
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Chapter 5

Where Chapter 2 and 3 focus on aiding students in their learning processes, and Chap-
ter 4 focuses on gaining insights into student processes to aid teachers, Chapter 5 aims
to support teachers in their duty of grading tests. Teachers worldwide experience high
working pressure and increased administrative burden, which contributes to increased sta�
turnover and teacher shortages (Dupriez et al., 2016; Spruyt et al., 2023). Scoring open-
ended questions is a di�cult and time consuming task, which can also lead to the choice
around which types of questions to include in a test being a pragmatic one as opposed to
a choice based on the most valid way to measure student abilities. Furthermore, random
error introduced by inconsistent scoring can impact the reliability of construct measure-
ments. This chapter contains practice-oriented qualitative and quantitative research into
how scoring student answers to open-ended questions can be made more e�cient and
consistent, hopefully eventually leading to 1) lighter administrative burdens for teachers,
2) opportunities for more valid construct measurements, and 3) more reliable construct
measurements. This study is executed using the digital prototype CheckMate (see Section
1.3)

6
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11.3 Prototypes: CheckMate & Biologie+

For two of the studies in this dissertation, web-based prototypes were developed and used
to collect data. The prototypes were developed by the prototyping team of CitoLab,
the research and innovation department of the Cito Foundation. Team Prototypes is an
interdisciplinary team, combining expertise in various disciplines such as educational mea-
surement, user experience, software, and graphic design in order to develop innovative new
measurement instruments and improve on existing ones in an iterative and user-focused
process. The resulting prototypes are used as research instruments, as is exempli�ed in
Chapter 3 and Chapter 5 of this dissertation.

CheckMate is a prototype developed to help teachers score open-ended questions
e�ciently and consistently. The development process and functionalities of this prototype
are described in detail in Chapter 5. However, it is useful to mention that outside the
scope of this study, research and development on CheckMate has continued in the form
of a co-creation project funded by NOLAI in which CitoLab collaborates with two Dutch
secondary education schools (Parmant Aloysius and Roncalli Bergen op Zoom). The
project has a duration of three years (2024 - 2027) and aims to contribute to knowledge
on all factors surrounding scoring assistance, and to encourage the implementation of
such technology in schools in the Netherlands.

The prototype Biologie+ is an exam preparation tool that teachers can use with
their students while working towards their central Biology examinations. In the student
interface of the web application, students are administered several tests: two diagnostic
tests and two practice tests. After each of the diagnostic tests, they are o�ered a report
in which they can view their performance on the di�erent content domains of Biology.
In the teacher interface of the application, teachers can view their students' progress in
individual student reports and class reports.

In order to save teachers time while participating in the study, all tests are automati-
cally scored using techniques developed while building the prototype CheckMate (further
described in Section 1.3 and Chapter 5). However, students can alter their own scores
if they feel that the automated score is incorrect. It is in the interest of the students to
score their own tests fairly, because there are no consequences attached to their perfor-
mance and realistic scores lead to a more informative diagnostic report. The scores were
nevertheless checked by the researchers and when necessary by content experts at Cito
Foundation before being used as data.

An important requirement throughout the development of Biologie+ was to ensure
that teachers and students bene�ted directly from participating in the study, and were
not burdened unnecessarily. Therefore, providing services to the participants, such as
automated scoring, a user-friendly interface, and instant reporting was a primary focal
point. These services were not necessary to execute the experimental study in Chapter 3,

7
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but they were highly appreciated by all participating teachers � all of them indicating that
they would gladly use the application again in a following year, if o�ered. Biologie+ serves
as an example of how research can bene�t participants directly if properly integrated into
their daily practice.

1.4 Final note

The studies in this dissertation contribute to the available scienti�c knowledge on how we
can use data from educational assessment to assist stakeholders in educational practice.
However, results such as these are only valuable once they are thoroughly tested by these
stakeholders and implemented in a user-friendly and ethical manner (Saab, 2025). At
the same time, successful implementation of data-based tools cannot be achieved without
solid scienti�c research on the impact of technology and educational interventions (Saab,
2025). My hope is that this dissertation contributes to building bridges between scienti�c
research, educational technology development, and educational practice.

8



CHAPTER 2

Personalized and automated feedback in summative assessment
using recommender systems

This chapter has been published as:

De Schipper E, Feskens R. & Keuning J. (2021) Personalized and Automated

Feedback in Summative Assessment Using Recommender Systems. Frontiers in

Education, 6. https://doi.org/10.3389/feduc.2021.652070

Abstract
In this study we explore the use of recommender systems as a means of providing
automated and personalized feedback to students following summative assess-
ment. The intended feedback is a personalized set of test questions (items) for
each student that they could bene�t from practicing with. Recommended items
can be bene�cial for students as they can support their learning process by tar-
geting speci�c gaps in their knowledge, especially when there is little time to get
feedback from instructors. The items are recommended using several commonly
used recommender system algorithms, and are based on the students' scores in
a summative assessment. The results show that in the context of the Dutch
secondary education �nal examinations, item recommendations can be made to
students with an acceptable level of model performance. Furthermore, it does
not take a computationally complex model to do so: a simple baseline model
which takes into account global, student-speci�c and item-speci�c averages ob-
tained similar performance to more complex models. Overall, we conclude that
recommender systems are a promising tool for helping students in their learning
process by combining multiple data sources and new methodologies, without
putting additional strain on their instructors.
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2.1 Introduction

Feedback is an important and widely researched factor in improving educational outcomes
of students due to its potential to indicate what is needed to bridge the gap between
where students are and where they are going (e.g., Hattie & Timperley, 2007; Kluger
& DeNisi, 1996; Shute, 2008). It can be de�ned as �... information provided by an
agent regarding aspects of one's performance or understanding� (see Hattie & Timperley,
2007). The concept of feedback is central to the �eld of formative educational assessment.
Formative assessment aims to improve student attainment of the learning material through
participation in the assessment (e.g., Black & Wiliam, 2009; Heritage, 2007; Shute,
2008). Formative assessment takes place during the learning process, unlike its counterpart
summative assessment, which usually takes place at the end of a learning process and aims
to make a decision or judgment about the student's skill or knowledge level (Dixson &
Worrell, 2016). Feedback on the basis of summative assessment is much less common
for several reasons, including the aforementioned timing of the assessment at the end of
a learning process. Other important reasons include the fast and standardized nature of
summative assessment: the assessment usually needs to be followed quickly by a judgment
call or decision, and the assessment design is optimized for quantitative decision making
(e.g. grading, or a pass/fail judgment), as opposed to for providing a basis for helpful
feedback. However, feedback can be useful to students in the context of summative
assessment as well, and its data provides a wealth of information about their knowledge
or skill level. This paper explores a method of providing personalized and automated
feedback to students on the basis of summative assessment data.

Students who are preparing for educational assessment can bene�t from practice
material that is attuned to their individual needs. This can be considered topic contingent
feedback, de�ned by Shute (2008) as �feedback providing the learner with information
relating to the target topic currently being studied�. Students tend to study by rereading
(Karpicke et al., 2009), and most students are poor at judging their mastery of the
material (Dunlosky & Lipko, 2007). Furthermore, an extensive meta-analysis on practice
testing by Adesope et al. (2017) found that practice tests are more bene�cial for learning
than all other comparison conditions (e.g., Callender & McDaniel, 2009; Roediger III &
Karpicke, 2006b), especially when the practice and �nal test formats are identical. This is
true regardless of whether the students are supplied with corrective feedback (information
on the correctness of their answers) afterwards. Practicing with personalized practice
material, such as a set of test questions (items), can therefore be a valuable addition to
the learning process.

Providing a personalized set of test items can be seen as a recommendation problem.
Recommender systems (e.g., Koren et al., 2022) are often used these days by commercial
parties such as Net�ix, Amazon, and Spotify to recommend items (movies, products,
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songs, etc.) to users (customers). There have been many applications of recommender
systems in the �eld of education, particularly within the context of e-learning systems.
Manouselis et al. (2011) provide an introduction to recommender systems for Technology
Enhanced Learning settings and Rivera et al. (2018) give a more recent overview of appli-
cations in education. The most common application is to recommend learning materials
and resources, such as books, papers, and courses to students (e.g., Aher & Lobo, 2013;
Bobadilla et al., 2009; Bokde et al., 2015; Ghauth & Abdullah, 2010; Khribi et al., 2008;
Liang et al., 2006; Luo et al., 2010; O'Mahony & Smyth, 2007; Tang & McCalla, 2005;
Vialardi et al., 2009; Zaíane, 2002).

Recommender systems are not yet widely used in educational assessment contexts.
One example of an application of recommender systems within the framework of forma-
tive assessment is a recent paper by Bulut et al. (2020), who developed an intelligent
recommender system (IRS) that can be used to produce individualized test administration
schedules for students. It is easy to draw parallels between educational assessment data
and the more commercial contexts in which recommender systems are most often applied:
users can be likened to students and products or items to test questions. Assessment data
can look rather similar to the rating matrices that stem from the more commercial ap-
plications, especially when using an incomplete test design (where di�erent students are
subjected to di�erent test items). Recommender systems could be used for presenting
students with a personalized set of practice items, giving feedback such as �Students like
you struggled with these exam questions� or �In the past, you have struggled with exam
questions such as these�. Essentially, this entails using an algorithm with which items are
selected on the criterion that similar students did not have a�nity with them. Practicing
with the recommended questions and focusing on the learning material covered in them
could help students study e�ectively by closing gaps in their knowledge in a targeted way.

Presumably one reason for the lack of applications of recommender systems within ed-
ucational assessment is that the established �eld of computerized adaptive testing (CAT)
is concerned with the similar task of providing test-takers with subsequent test questions
(e.g., Van der Linden, Glas, et al., 2000). One di�erence between these methods lies in
their purpose: in a CAT, the primary goal for item selection is related to test optimization
(to accurately estimate the student's ability), whereas the aim of item selection in this
paper is related to optimization of the learning process (to maximize the student's grasp
of the material). Recommender systems are more suited to this purpose than the domi-
nant modeling paradigm in the �eld of CAT (item response theory, or IRT). IRT assumes
that the performance of a student on a test is dependent on the latent ability of the
student and characteristics of the test items (e.g., Embretson & Reise, 2013; Hambleton
et al., 1991). When using IRT to generate new test items for students in a CAT, students
who have the same estimated latent ability will be given the same test item. Di�erent
recommender algorithms take di�erent additional information into account (such as the

11
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similarities between the score patterns of di�erent students) and therefore have increased
potential for personalization.

This paper explores an application of recommender systems for summative assess-
ment. Speci�cally, we consider recommender systems as a means of providing automated
and personalized feedback to students based on their scores in a summative assessment.
The current study di�ers from the existing literature on recommender systems in education
in two ways. First, this study applies recommender systems in a high-stakes summative
assessment context. Unlike in a pervasive digital learning environment or in a formative
assessment context, the available information per student is limited to a single summative
assessment. Second, the information that is used to generate recommendations di�ers
between this study and most related literature, and with it the items that are recom-
mended. The majority of the aforementioned studies use explicit evaluation ratings by
students or teachers on the quality or usefulness of the items that are to be recommended.
In this study, we use the students' scores on an exam as input for the recommendation
algorithms. Thai-Nghe et al. (2010) used similar input (students' scores on their �rst
attempt on a task) in their application of recommender systems but focused on the task
of predicting student achievement rather than providing recommendations to students.

The objectives of this study are to determine whether recommender systems can
successfully be used to recommend practice questions to students following a high-stakes
summative assessment, and if so, which algorithms are most suited to this purpose. To
this end, we compare the performance of several types of such recommender algorithms.
The remainder of the text is structured as follows: in the methods section, we introduce
recommender systems and describe the algorithms with which we will recommend items to
students, as well as the data that we use. The results section evaluates the performances
of these algorithms. In the conclusion, the performances of the algorithms are compared.
We then go on to discuss the practical relevance and potential of the results in the
discussion.

2.2 Methods

2.2.1 Data

The data used in the current study come from the �nal examinations for secondary school
students in the Netherlands. These examinations are obligatory and provide the students
with access to higher education such as university when completed with a su�cient result.
After taking their secondary school exams, students in the Netherlands get the opportunity
to take one resit exam. Reasons for a student to take this opportunity are to (a) improve
their overall grade (e.g. in order to improve the odds of getting accepted into the higher
education of their choice) or (b) obtain a passing grade for a course for which that is a

12



Personalized Practice Tests

2

diploma prerequisite. The resit exam takes place two to four weeks after the grading of
the initial exam, during which the student must prepare. Due to these time constraints,
it is necessary that any feedback to the student is delivered within this time frame.

We focus on digital exam data for mathematics in the year 2019 from students in grade
10 of a vocational track in Dutch secondary education. The subject of mathematics was
chosen because these exams feature a relatively large amount of items with a maximum
score of higher than one. Items such as these, for which partial scores can be obtained,
give us more �nely grained information about the student's ability. There are nine test
versions (booklets), each with 22 to 26 test questions (items), taken by between 2,453
and 2,945 students (24,167 in total). There are 72 unique items in total, and all booklets
have at least a third of their items in common with at least one other booklet, ensuring
that all booklets are (indirectly) linked to each other through items that they have in
common. All students are subjected to only one of the booklets, which means that they
face only a subset of all available items during their exam. This means that, for all
students, there is a set of items that they have not yet been faced with due to the nature
of the test design. These are items that could be recommended to students to practice
with.

The responses that students gave during their �rst exam have been scored, either
automatically (multiple choice questions) or by their teachers. The items have a maximum
score of between one and �ve, and no decimal scores are given. The score of a student on
an item is rescaled to a measure we will call potential gain. First, the score is divided by
the maximum obtainable score on the item. This gives us the proportion of the possible
score that is obtained on the item. This proportion is then subtracted from one. This
rescaled score can be interpreted as the percentage of the maximum item score that was
not obtained by the student. We use this as a measure of how much can still be learned
by the student concerning the course material that was covered by the item. This is also
the measure that we will try to predict using recommender algorithms, and upon which
recommendations will be based.

The left side of �gure 2.1 displays the distribution of the potential gain scores in the
data. It is more common to score either full credit or no credit than it is to score partial
credit on the exam items. There is a noticeable lack of scores in the range 0:1 � 0:2,
and very few scores in the ranges 0:4 � 0:5 and 0:8 � 0:9. This is due to the possible
scores than can be acquired on the items. There is no item in the data that would enable
a student to receive 90% of the points, thus the range of 0:1 � 0:2 to gain is empty. A
similar situation is true for the ranges 0:4 � 0:5 and 0:8 � 0:9. These can only be attained
on an item with a maximum score of 5, and there is only one such item in the data.

As illustrated in the right side of �gure 2.1, the average potential gain scores of the
students is normally distributed with a mean of 0:41. It is more common for students to
have a low average potential gain score, and there are very few students with an average
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Figure 2.1: Distribution of Potential Gain Scores in the Data.

potential gain score above 0:8. These observations make sense in the light of the context
of �nal examinations: most students will get a decent average score and pass the exam
(and therefore have a low average potential gain score).

2.2.2 Software

All analyses are performed in the programming language Python 3 (Van Rossum & Drake,
2009), using the Surprise library (Hug, 2020). Graphical representations of the data and
the results are made using the R programming language (R Core Team, 2025). The scripts
(written in the Python 3 language) that detail how the recommendations are produced
and evaluated are included as appendices.

2.2.3 Recommender Systems

Recommender systems can roughly be divided into content-based �ltering methods, col-
laborative �ltering (CF) methods and hybrid approaches which combine both these designs
(Melville & Sindhwani, 2017). CF methods use matrix factorization techniques to charac-
terize users and content and make statements about which content and which users are
similar (Koren et al., 2009). They can be further subdivided into neighborhood-based or
memory-based and model-based approaches. In neighborhood-based techniques, a subset
of users or items are chosen based on their similarity to the active user or item, and a
weighted combination of their ratings is used to produce predictions for the active user's
rating on the active item (e.g., Breese et al., 2013; Melville & Sindhwani, 2017). Model-
based techniques provide recommendations by estimating parameters of statistical models
for user ratings (e.g., Billsus, Pazzani, et al., 1998; Koren et al., 2009). Content-based
�ltering methods (e.g., Balabanovi¢ & Shoham, 1997; Lang, 1995; Mooney & Roy, 2000)
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provide recommendations by comparing representations of content describing an item to
representations of content that interests the user (e.g., Melville & Sindhwani, 2017).

In this study, we compare the performance of several types of such recommendation
methods. The input for the recommender algorithms is the set of potential gain scores,
accompanied by their student identi�er and the label of the item. The output will be
a set of recommended items for each student. Firstly, two baselines are included with
which the performance of more advanced algorithms can be compared. The �rst baseline
is an algorithm that predicts a random score for students on the items by drawing from a
normal distribution. The mean and standard deviation for this distribution are estimated
using the observations in the training data. The performance achieved by this baseline
will be considered the absolute minimum that must be achieved by the other algorithms.
The other baseline algorithm predicts scores by taking into account the overall average
score, the average score on the item and the average score of the student. We include
this baseline algorithm to be able to assess the added bene�t of more complicated and
more computationally heavy methods. For the score of student u on item i, the baseline
estimate is:

bui = � + b u + b i (2.1)

Where � is the overall average score, and the parameters bu and bi denote the de-
viations from � of student u and item i respectively. bu and bi are estimated by solving
the least squares problem detailed by Koren (2010). We alternatingly use the following
equations 10 times for all items and all students, using 0 as the starting value for both bu

and bi .

bi =

P
u:(u;i)2K (r ui � � � b u )

� i + jfuj(u; i) 2 Kgj
(2.2)

bu =

P
i:(u;i)2K (r ui � � � b i )

� u + jfij(u; i) 2 Kgj
(2.3)

Where rui is the score of student u on item i, and K is the set of student-item pairs
for which the score is known. The regularization parameters �i and � u are used to avoid
over�tting (Koren, 2010) and are set to 10 and 15 respectively.

Next, we include two neighborhood-based CF methods: user-based and item-based.
When user-based CF (UBCF) predicts a score for a student on an item, it relies more
heavily on information from students with a similar score pattern. Item-based CF (IBCF)
is similar, but is based on the similarities between items, not between students. To
compute the similarities between students or between items, we use the cosine similarity
measure, which is the cosine of the angle between two vectors. Values range between �1
and 1, where �1 is perfectly dissimilar and 1 is perfectly similar.
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For students u and u0, the cosine similarity is:

sim(u; u 0) = cos(�) =
r u � r u 0

jjr u jj � jjr u 0jj
=

X

i

r ui � r u 0ip P
i r 2

ui �
p P

i r 2
u 0i

(2.4)

The UBCF algorithm will predict a score for a student on an item by taking the
average of the scores that the 40 most similar students obtained on that item. The
IBCF algorithm predicts the score by taking the average of the scores that the student in
question received on the 10 items that are most similar to the item in question.

Neighborhood-based CF methods are simple and therefore transparent, and they are
known to perform well (Desrosiers & Karypis, 2011). IBCF is much faster and more
scalable than UBCF and can result in similar or better performance (Deshpande & Karypis,
2004; Sarwar et al., 2001). For both these methods, we apply a type of centering in which
we reduce all scores by their baseline estimates. In a more commercial context, centering
is applied, for instance, to correct for the general tendencies of users to give higher or
lower scores. In this context we use centering to control for the students' general ability
levels and the items' general di�culty levels. Using UBCF, the rating�r for student u on
item i is estimated as

r̂ ui = bui +

P

v2N k
i (u)

sim(u; v) � (r vi � b vi )

P

v2N k
i (u)

sim(u; v)
; (2.5)

where bui is the baseline estimate for student u on item i, and k is the number of
similar students (v) taken into account (40). Using IBCF, the rating�r for student u on
item i is estimated as

r̂ ui = bui +

P

j2N k
u (i)

sim(i; j) � (r uj � b uj )

P

j2N k
u (i)

sim(i; j)
; (2.6)

where k is the number of similar items taken into account (10). For more detail,
please refer to Section 2:2 by Koren (2010).

Finally, we include the more complex Singular Value Decomposition (SVD) approx-
imation method. SVD approximation is a model-based algorithm matrix factorization
algorithm (Golub & Reinsch, 1971; Koren et al., 2009), built upon much older ideas
(Eckart & Young, 1936). The idea behind such models is that attitudes or preferences of
a user can be determined by a small number of hidden factors. To this end, it reduces the
rating matrix into two smaller matrices through extracting a smaller number of features.
SVD approximation is more scalable (as are other model-based approaches) (Cacheda et
al., 2011; Sarwar et al., 2002) and therefore may perform better than UBCF, depending
on the scale and sparsity of the data.
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More details on this application of the SVD algorithm can be found in the Surprise
library documentation (Hug, 2020), which builds upon work by Funk (2006), Koren et al.
(2009), and Ricci et al. (2011).

2.2.4 Evaluation

For the evaluation of the recommender algorithms, we use k-fold cross validation. This
means that the data is randomly split into k parts and in each run k � 1 parts are used
for training and the remaining part is used for testing. After all k runs, each part was
used as the test set exactly once. We have chosen k = 3. This leaves us with an average
number of 7:99 items in the test sets per student.

The training data is simply a random subset (66:6% percent) of the complete data.
The rest of the data is used as test data. For each student, the information that is
available about them in the training data is used for predicting their scores on items in
the test set. The predicted score on an item determines whether the item is recommended
to the student. It is by comparing observed scores in the test set with the predicted scores
on those items that we can evaluate the recommender algorithm (Breese et al., 2013).

When testing the performance of an algorithm on the test set, we use the eight
highest predicted potential gain scores for each student. This value is chosen so that
we use as many items as we can while still ensuring that most students have enough
observations available in the test set. For each user, we determine which observed scores
(in the top eight items with the highest predicted scores in the test set) are above a
speci�ed threshold. These items are considered relevant to the student, and should be
recommended by the algorithm. We also identify which predicted scores are above the
threshold. These are items that the algorithm would recommended to the student. We
vary the value of the threshold from 0 to 1 in increments of 0:01. A threshold of 0:50,
for example, indicates that a good item is an item on which a student's predicted score
is less than half of the maximum achievable score.

We make use of a confusion matrix that contains four important pieces of information:
the number of recommendations that ought to have been recommended (true positives),
the number of items that have correctly not been recommended (true negatives), the
number of items that have been recommended that ought not to have been (false posi-
tives) and the number of items that have not been recommended but ought to have been
(false negatives).

Several evaluation metrics can be derived from this confusion matrix. Precision tells us
how often items recommended by the classi�er are correct recommendations. This is the
most important metric for our current context, as the idea is to help a student spend their
time wisely and not lead them to spend time on learning materials that they have already
mastered. Recall (also known as the true positive rate) informs us on the proportion
of useful recommendations that have actually been recommended. High performance in
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Figure 2.2: The prevalence, or the proportion of potential gain scores higher than or
equal to the di�erent threshold values.

terms of recall would be preferable, because we would be able to o�er the students more
recommendations, potentially uncovering more of the topics that a student has issues
with. We consider recall to be less important than the correctness of the recommended
items (precision).

The false positive rate (FPR) tells us how many of the items that should not be
recommended (due to a low score) are recommended nonetheless. By combining the
FPR with the recall (also known as the true positive rate, or TPR), receiver operating
characteristic (ROC) curves can be made, which are used in many �elds to assess the
performance of a classi�er.

The prevalence tells us the proportion of scores in the data above the prede�ned
threshold. It depends on the chosen threshold and in�uences the number of items that
can be recommended to students in practice. Figure 2.2 shows the prevalence belonging
to di�erent threshold values between 0 and 1 (in increments of 0:01. For example, 27%
of the potential gain scores (158; 270 out of 579; 622 observations) exceed a threshold of
0:90.
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2.3 Results

Three-fold cross-validation was applied to verify the comparability of the results for dif-
ferent segments of the data. There was no substantial di�erence between folds in terms
of precision and recall. The largest di�erence between two folds in terms of precision
was 0:0128, which occurred using the UBCF model with a threshold of 0:73. The largest
di�erence in recall between two folds was 0:0153, using the UBCF model with a threshold
of 0:68. These di�erences in precision and recall are negligible.

Figure 2.3 compares the average performance in terms of precision of the �ve di�erent
models, evaluated for threshold values ranging from 0 to 1 in increments of 0:01. Several
things can be observed upon inspecting the graphs. Firstly, it should be noted that the
performance of the models does not increase continuously with the thresholds, but instead
acts in a stepwise fashion. This can be attributed to the stepwise nature of the proportion
of potential gain scores equal to or higher than the threshold in the data (the prevalence,
see �gure 2.2). This stepwise pattern can also be observed in the performance of the
models in terms of all other evaluation metrics that are still to come. Next, it is clear
that the random model has a lower precision for all threshold values, and that all other
models follow a similar trend in precision. The di�erences between the four other models
are rather small, though they increase slightly for higher threshold values. For threshold
values lower than 0:62, IBCF performs the best, whereas for threshold values from 0:62 up
to and including 0:73, SVD approximation outperforms the other models. For threshold
values higher than or equal to 0:72 the baseline model has the highest precision.

Figure 2.4 compares the average recall for the �ve di�erent models, evaluated for the
di�erent threshold values. In general, a higher threshold leads to lower performance in
terms of recall for all models. The random model outperforms the other models when
the threshold exceeds 0:72. Similarly to their performance in terms of precision, the
performance in terms of recall for the four other models is very similar for most threshold
values. It di�ers more for threshold values at both ends of the scale. For threshold values
equal to or below 0:39, the baseline model has the best performance in terms of recall.
For threshold values between 0:40 and 0:71, UBCF usually outperforms the other models,
although the di�erences are very small.

The ROC curves for the �ve models are displayed in �gure 2.5. ROC curves evaluate
the false positive rate and the true positive rate (or recall) for di�erent threshold values.
A larger area under the curve (AUC) indicates better classi�cation performance, where
1 is the best possible AUC value and 0 the worst. A random model is expected to have
an AUC of 0:5, which means that it is not able to distinguish classes from each other.
The random model included in this study has an AUC of 0:530. The four other models'
AUCs di�er only marginally: the baseline model performs best with an AUC of 0:762,
after which comes UBCF (AUC = 0:758), SVD approximation (AUC = 0:747) and �nally
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Figure 2.3: Precision per model for di�erent thresholds, averaged over students and
cross-validation folds.

IBCF (AUC = 0:741).
Although the average number of recommended items is not necessarily used for eval-

uating the models, it is nevertheless informative for assessing their practical purpose.
Therefore, �gure 2.6 displays the average number of items recommended to students in
the test sets. The maximum possible number of recommended items is 8, because the
models were evaluated for the top 8 items with the highest predicted scores in the test
set. In �gure 2.6, it can be seen that higher threshold values lead to a lower number
of recommended items (on average). This is to be expected, because a higher threshold
means a lower prevalence, and therefore a smaller number of items that qualify to be
recommended to students. The random model recommends more items to students (on
average) when the threshold is more than or equal to 0:37. The other four models are fairly
similar, although they di�er a little bit more on each end of the threshold scale. For low
thresholds (less than or equal to 0:36), the baseline model recommends the most items,
whereas for high thresholds (higher than or equal to 0:40), the IBCF model recommends
the most.

20



Personalized Practice Tests

2

Figure 2.4: Recall per model for di�erent thresholds, averaged over students and cross-
validation folds.

2.4 Conclusion

In this study, we recommended sets of items to students using several commonly used
recommender system algorithms. Findings indicate that there are no substantial di�er-
ences between the tested models, except for the random model which was used as a
baseline and generally performs a lot worse. A surprising result is that the other base-
line model, which predicts scores by taking into account the global, student-speci�c, and
item-speci�c averages, performs similarly to the more complex models that were included.
This suggests that a) the relationships between items and those between users do not add
valuable information towards predicting scores that is not already captured in aforemen-
tioned baseline and b) that the prediction is not substantially improved by using matrix
factorization techniques. Given similar performance, a simpler model is preferable for
reasons of transparency (it is easier to explain to the target audience) and computational
cost. The bene�t of a lower computational cost is especially pronounced when comparing
the baseline model to user-based collaborative �ltering: the computational complexity of
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Figure 2.5: False positive rate versus recall (ROC curve) per model for di�erent thresh-
olds, averaged over students and cross-validation folds.

the user-user similarity matrix increases near quadratically with the number of users.
A second conclusion that can be drawn is that a trade-o� has to be made between

performance in terms of precision and performance in terms of recall, when choosing
a threshold for what constitutes a good potential gain score. In this particular context
precision is of higher importance and thus an acceptable level of precision will be considered
as a primary prerequisite condition. As the precision increased along with an increase in
threshold, we would for this reason not prefer the lower thresholds that were included in
the study. Besides the fact that lower thresholds result in lower precision, choosing a low
threshold also means that a student may be recommended more items that are already
well within their capabilities. This renders the recommendations of less practical use to
the students.

Choosing a high threshold leads to a lower model performance in terms of recall.
When the threshold exceeds 0:72, the four more informed models even perform worse
in terms of recall than the random model. This is undesirable. Using a high threshold
also introduces a more practical problem: the prevalence of items above the threshold
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Figure 2.6: Number of recommended items per model and threshold, averaged over
students and cross-validation folds

decreases substantially. A reduced performance in terms of recall adds to this issue. For
example: the prevalence of observations above a threshold of 0:90 is 0:27, and the recall
for the baseline model is 0:16. This means that of the 27% of items that can (on average)
be recommended to students, only 16% is recovered by the model. This decreases the
amount of useful recommendations per student substantially. In situations where more
material is available, prevalence becomes less important because there is still enough to
recommend, but performance in terms of recall remains important because it impacts the
coverage of the feedback over the content domain.

All in all, it seems reasonable to choose a threshold somewhere in the middle of the
scale. Intuitively, a threshold of 0:5 makes sense: an item would be recommended to the
student when the student is expected to score fewer than half of the points on the item
(missing more than half of the possible points). The average precision in the test sets for
the baseline model is 0:73, and the average recall 0:58. A reason for using a threshold of
0:50 as opposed to a threshold of 0:51 is a 6% drop in prevalence, which has an in�uence
on the number of items that are relevant to recommend. In practice, the number of items
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that are available to recommend can also be informative for choosing a threshold.

2.5 Discussion

The aim of the present study was to explore the use of recommender systems as a means
of providing automated and personalized feedback to students based on their scores in a
summative assessment, in the form of a set of test items that a student could bene�t from
practicing with. The results showed that in the context of the �nal examinations in Dutch
secondary education, item recommendations can be made to students with an acceptable
level of performance in terms of precision and recall. Furthermore, it does not take a
complicated model to provide useful recommendations: a simple baseline model which
takes into account global, student-speci�c and item-speci�c averages obtained similar
performance to the more complex models (IBCF, UBCF and SVD approximation).

Recommended practice questions can be bene�cial for students as they can support
their learning process by targeting speci�c gaps in their knowledge, especially when there
is little time to get feedback from instructors. More generally, recommender systems may
be useful in any educational context where 1) direct teacher intervention is infeasible
(e.g. due to scale or time constraints), 2) appropriate input data is available, and 3) it is
plausible that the recommendation of practice material is useful to the student. They can
be a powerful tool in guiding students in the direction of better understanding without
putting additional strain on their teachers, by making use of data that is already available.

This study has taken a �rst step towards practical implementation by assessing the
theoretical feasibility of applying recommender systems in a summative assessment con-
text. An important step to take before implementation is to perform a validation study, in
which the impact of recommending practice items on learning outcomes (e.g. increase in
score during a resit exam, learning satisfaction, amount of studying) is assessed. Ghauth
and Abdullah (2010) performed such a practical validation, by testing experimentally
whether learning gain had improved more for the group that received recommendations.
Theoretical evaluation can give us information about the quality of the predictions (an
important condition), but it cannot give us information about the (perceived) usefulness
of the provided feedback to the target group.

When preparing to use a recommender system in practice, one should evaluate the
model performance in terms of evaluation metrics that are important for the speci�c con-
text. Naturally, the level of performance on those metrics that is acceptable for practical
use is debatable. Certainly, we would not wish for students to spend valuable time study-
ing topics that they have already mastered. At the same time it is true that in summative
assessment, the students often do not get any systematic feedback at all. To many stu-
dents, especially to those that do not know where to begin, feedback may be helpful even
if it is not perfect. In the context of preparing for a resit for secondary education �nal ex-
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aminations, we expect students would be helped with any reliable personalized feedback,
especially considering that the time pressure makes it di�cult for their instructors to o�er
feedback on the performance of the student on their �rst exam.

A key aspect of recommender system algorithms is the measure that is optimized in
order to provide recommendations. In this study, the measure that was optimized was the
potential gain score, which is the estimated proportion of the maximum obtainable score
the student is expected not to obtain. In other words: the items that are recommended
to the students are the ones that are expected to be the most di�cult for them. In
this particular context, the students need to master all of the material, as they will be
faced with a high-stakes summative assessment. Therefore, it is appropriate that they
should practice the things they are not yet adapt with, regardless of the di�culty of those
items. In other situations, being faced with the items that are predicted to be the most
challenging for them may be an unnecessarily demotivating experience for students. The
choice to optimize for di�erent measures may lead to many other interesting applications
of recommender systems in an educational context. Other potentially rich directions
for future studies and applications include using meta-data of the learning materials in
hybrid recommender algorithms, and including student non-response in the input data as
potentially relevant information by using e.g. the SVD++ algorithm (Koren, 2008).

In this study, the performance of several recommender algorithms for recommending
practice test questions to students was assessed. The results suggest that recommender
systems can provide useful feedback to students, especially in contexts where teacher
intervention is infeasible (i.e. due to time constraints). Many other directions for future
research and applications are possible concerning the use of recommender systems in an
educational context. Overall, we conclude that recommender systems are a promising tool
for helping students in their learning process by combining multiple data sources and new
methodologies.

2.6 Appendix 1: script for producing recommenda-

tions

import pickle
import pandas as pd
import numpy
import surprise as sp
import surprise.model_selection as spm
from evaluate import metrics, KFold_evaluate
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df = pd.read_pickle("./df2.pkl")
reader = sp.Reader(rating_scale=(0, 1))
data = sp.Dataset.load_from_df(df[["KandidaatID", "ItemID",
"ToGain"]], reader)

# If the student has more than the cutoff to gain,
# the item is recommended.
cutoff = numpy.linspace(0, 1, 101)

# Number of folds for cross-validation
K = 3

# Number of predicted ratings to take into account.
n = [8]

# 1) Random Items

print("Random")
Random = sp.NormalPredictor()
evaluations = KFold_evaluate(data, Random, K, cutoff, n, "Random")

# 2) Baseline: Predicting baseline estimate for given user and item.
Baseline = sp.BaselineOnly()
evaluations = evaluations.append(KFold_evaluate(data, Baseline, K,
cutoff, n, "Baseline"), ignore_index = True)

# 3) User-Based Collaborative Filtering with Cosine Similarity
sim_options = {"nam": "cosine"}

UBCF = sp.KNNBaseline(sim_options = sim_options)
evaluations = evaluations.append(KFold_evaluate(data, UBCF, K, cutoff,
n, "UBCF"), ignore_index = True)

# 4) Item-Based Collaborative Filtering with Cosine Similarity
sim_options = {"name": "cosine",

"user_based": False}

IBCF = sp.KNNBaseline(k = 10, sim_options = sim_options)
evaluations = evaluations.append(KFold_evaluate(data, IBCF, K, cutoff,
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n, "IBCF"), ignore_index = True)

# 5) Singular Value Decomposition
SVD = sp.SVD()
evaluations = evaluations.append(KFold_evaluate(data, SVD, K, cutoff,
n, "SVD"), ignore_index = True)

2.7 Appendix 2: script for evaluating recommenda-

tions

from collections import defaultdict
from surprise import Dataset
from surprise import SVD
import pandas as pd
import numpy
import random
from surprise.model_selection import KFold
import surprise.model_selection as spm
import json

def Average(lst):
return sum(lst) / len(lst)

def KFold_evaluate(data, algo, K, threshold, n, modelname):
"""
Do KFold cross-validation given the data, an algorithm and threshold.

parameters:
data - data as accepted by the surprise package.
algo - a prediction algorithm in the surprise package.
K (int) - number of folds.
threshold (list of floats) - What constitutes a 'good' rating.
n (list of integers) - how many of the top predicted ratings
to take into account.

returns:
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evaluations - list (length K) of dictionaries.
"""

col_names = ["n_rec", "precision", "recall", "fpr", "model",
"fold", "n", "threshold"]

results = pd.DataFrame(columns = col_names)

# define a cross-validation iterator
kf = spm.KFold(n_splits = K, random_state = 42)

fold = 1

for trainset, testset in kf.split(data):

algo.fit(trainset)
predictions = algo.test(testset)

for t in threshold:
for N in n:

evalmetrics = metrics(predictions, threshold = t,
n = N, fold = fold, modelname = modelname)
evalmetrics["model"] = modelname
evalmetrics["fold"] = fold
evalmetrics["n"] = N
evalmetrics["threshold"] = t

results.loc[len(results)] = evalmetrics

fold += 1

return results

def metrics(predictions, threshold, n, fold, modelname):
"""Return evaluation metrics averaged over users."""

# First map the predictions to each user.
user_est_true = defaultdict(list)
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for uid, _, true_r, est, _ in predictions:
user_est_true[uid].append((est, true_r))

n_recs = dict()
precisions = dict()
recalls = dict()
fprs = dict()

json_dump = []

for uid, user_ratings in user_est_true.items():

# Sort user ratings by estimated value
user_ratings.sort(key=lambda x: x[0], reverse=True)

tp = 0
fn = 0
fp = 0
tn = 0

for (est, true_r) in user_ratings[:n]:

if (true_r >= threshold) & (est >= threshold):
tp += 1

elif (true_r >= threshold) & (est < threshold):
fn += 1

elif (true_r < threshold) & (est >= threshold):
fp += 1

else:
tn += 1

json_dump.append({"tp": tp, "fp": fp, "tn": tn, "fn": fn})

# Number of recommended items (predicted positives).
n_recs[uid] = tp + fp

# Precision: Proportion of recommended items that are relevant.
precisions[uid] = tp / (tp + fp) if (tp + fp) != 0 else 1
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# Recall: proportion of relevant items that are recommended.
recalls[uid] = tp / (tp + fn) if (tp + fn) != 0 else 1

# False positive rate
fprs[uid] = fp / (fp + tn) if (fp + tn) != 0 else 1

n_rec = sum(n_rec for n_rec in n_recs.values()) / len(n_recs)
precision = sum(prec for prec in precisions.values()) /

len(precisions)
recall = sum(rec for rec in recalls.values()) / len(recalls)
fpr = sum(fpr for fpr in fprs.values()) / len(fprs)

evaluations = {"n_rec": n_rec, "precision": precision,
"recall": recall, "fpr": fpr}

return evaluations
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Using a cognitive diagnostic modeling based recommender
system for providing practice tests: e�ects on learning gain and
student experience
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Abstract
In this study, we introduce a theory-driven recommender system based on cog-
nitive diagnostic modeling (CDM) to recommend personalized practice tests
to students preparing for their �nal examinations. The CDM-recommender
has the potential to provide pedagogically meaningful test question recommen-
dations based on estimated domain mastery of students. The study consists
of two parts. In the �rst part, we compare the technical performance of the
CDM-recommender to those of other recommendation algorithms using his-
torical exam data from Dutch biology assessments. The CDM-recommender
performs as well as other recommender systems. The second part of the study
describes an experiment in which students prepare for their high-stakes �nal
exams using either a �xed or personalized practice test generated by the CDM-
recommender. The two groups showed no signi�cant di�erences in learning
gain, and the students perceived the personalized tests as more di�cult (which
they were by design). These �ndings suggest that CDM-based personalization
may not yield immediate bene�ts in high-stakes exam contexts without sus-
tained engagement or learner agency.
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3.1 Introduction

There are notable bene�ts to studying using practice tests for student learning and re-
tention (Adesope et al., 2017; Bjork, Bjork, et al., 2011; Callender & McDaniel, 2009;
Roediger III & Karpicke, 2006a), and students often �nd practice tests useful in prepa-
ration for exams (Cassady & Gridley, 2005). Practice tests not only enhance long-term
memory through retrieval but also aid in identifying gaps in knowledge, especially when
feedback is provided (Adesope et al., 2017). Despite these advantages, students fre-
quently default to less e�ective strategies such as rereading and highlighting (Karpicke et
al., 2009). A reason for this may be that students often struggle to accurately judge their
own understanding and learning progress (Dunlosky & Lipko, 2007), potentially leading
to students not knowing what material to practice or incorrectly selecting practice test
materials.

The personalization of practice tests can further improve learning by providing stu-
dents with tailored opportunities to bridge the space between their current understanding
and their learning goals (e.g., Hattie & Timperley, 2007; Kluger & DeNisi, 1996; Shute,
2008). Automated personalization systems can adapt to learners' needs without placing
additional burden on instructors. Prior research shows that personalized practice tools can
improve learner performance and intrinsic motivation (Alamri et al., 2020), particularly
when students are given agency in selecting or shaping their tasks (Bernacki et al., 2021;
Kulasegaram & Rangachari, 2018). Moreover, alignment in format between formative and
summative assessments can facilitate transfer and recall of target information (Cassady
& Gridley, 2005).

Recommender systems, which are widely used in commercial contexts to recommend
products to users (Ricci et al., 2015), can o�er a scalable approach to personalizing
learning by recommending relevant educational materials. In recent decades, their use in
educational settings grew steadily, particularly in online learning environments where they
help recommend resources such as books, videos, and courses to learners (e.g., Aher &
Lobo, 2013; Bobadilla et al., 2009; Chen et al., 2018; Ghauth & Abdullah, 2010; Huang
et al., 2019; Khribi et al., 2008; Luo et al., 2010; Tang & McCalla, 2005; Zaíane, 2002;
Zhang, 2024).

The application of recommender systems in educational assessment, and more speci�-
cally, in recommending practice test questions (items), remains limited, despite successful
demonstration of this application by De Schipper et al. (2021). A plausible reason for the
relative lack of literature on this application is the existence of a rich array of methods for
the purpose of individualized assessment originating from the �eld of computerized adap-
tive testing (CAT, e.g., Van der Linden, Glas, et al., 2000). Recommender systems can
o�er additional �exibility by their potential to incorporate various modeling techniques,
including the item response theory models commonly used in CAT, and their ability to
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take contextual factors such as content domains into account.
In this study, we introduce a theory-driven recommender system based on psycho-

metric estimates from the �eld of cognitive diagnostic modeling (CDM) to recommend
personalized practice tests to students preparing for their �nal examinations. CDMs can
di�erentiate between students with the same total sumscore on a test, o�ering additional
information about their strengths and weaknesses through the estimation of mastery and
non-mastery of di�erent skills or attributes of interest (Ma & de la Torre, 2016). Unlike
other data-driven recommender systems, which infer patterns from scores only, the CDM-
recommender introduced in this study can incorporate the additional item metadata of
what content domain is being covered by each item in a test. This enables more peda-
gogically grounded recommendations tailored to the content that a student has not yet
mastered.

In the �rst part of the study, we introduce and explain the new CDM-recommender,
and compare its technical performance to other recommendation algorithms on existing
student data. In the second part, we deploy the developed recommender in an experimen-
tal setting to assess its practical impact on student learning outcomes and experiences.
Students receive either a personalized or a �xed set of practice items in preparation for
their �nal exam. This experiment is detailed in the second part of the study.

We address the following research questions:

ˆ Can the CDM-recommender provide suitable personalized practice tests to students
in the context of the Dutch secondary education �nal examinations?

ˆ Do students provided with a personalized set of practice items achieve larger learn-
ing gains compared to students provided with a �xed set?

ˆ Does the experience of taking the practice test di�er for students in these two
groups?

Students' progress is tracked through log data of pre-tests, practice tests, and post-
tests, and supplemented with surveys capturing their experiences and perceptions.

3.2 Theoretical performance of CDM-recommender

This section discusses the methods, results and conclusion of the �rst part of this study,
in which a new CDM-recommender is introduced and its technical performance compared
to those of other recommender algorithms on existing student data.
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3.2.1 Methods

3.2.1.1 Context and data

This study takes place within the context of Dutch secondary education, where students
are required to take standardized �nal examinations, which account for half of a student's
�nal grade per subject. Passing these high-stakes summative assessments is a prerequisite
for admission to higher education programs. Some of the exams are made public each
year, and students in later years can use these as material to practice with in preparation
for their �nal examinations. The students are between 16 and 18 years old when they
take the exams.

In the theoretical part of this study, we use historical data from two Biology exams
from 2022 for students in a vocational track of secondary education (vmbo-basis) in order
to test the performance of the recommendation algorithms. The input for the algorithms is
a students' score per item. To quantify how much a student might bene�t from additional
practice on a given item, we computed a potential gain score by dividing a student's score
by the maximum obtainable scores on the item and then subtracting the result from one.
This metric represents the proportion of the maximum obtainable score which the student
did not obtain on the item.

The dataset contained 1; 448 students and 72 unique exam items, of which 68 had a
maximum score of one point and four had a maximum score of two points. Each student
in the data has taken an exam which contained 36 items. The data contain 25; 711
potential gain scores of zero (where a student has achieved the maximum score on an
item), 552 potential gain scores of 0:5 (where a student has achieved a score of one on
an item with a maximum score of two) and 26; 584 potential gain scores of one (where a
student has not scored any points on an item).

3.2.1.2 The CDM-recommender

The CDM-recommender, similarly to the other recommenders, uses data on a student-
item level in order to predict unknown scores and to recommend items to students. How-
ever, it also incorporates item metadata detailing the content domain that an item covers.
The Sequential G-DINA model (Ma & de la Torre, 2016) that is the foundation of the
CDM-recommender needs a Q-matrix as input: this is a matrix that indicates which item
measures which content domain. The model is used to estimate mastery pro�les (indica-
tions on whether a student masters a domain or not), as well as item response probabilities
for each possible pro�le a student could have. For each item, these response probabilities
indicate the probability of a student obtaining a score given a speci�c mastery pro�le.

For each student, the sequential G-DINA model is used to estimate a mastery pro�le
for six di�erent content domains within Biology, such as Plants, animals and their cohe-
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sion. For example, a student could have the pro�le 010011, indicating that the student
has been estimated to master domains two, �ve, and six, but not domains one, three,
and four. When we recommend practice items to a student, we select the items for which
the model predicts the highest probability of getting the question incorrect, given the
estimated mastery pro�le of the student. A disadvantage of the CDM-recommender is
that a student must answer a su�cient number of items per domain in order to enable
estimation of their mastery pro�les. Advantages are that it has a low computational cost,
and that it may provide more relevant content to the user due to taking more information
into account.

3.2.1.3 Other recommendation algorithms

The performance of the CDM-recommender was tested on historical student data and
compared to the performance of the following other recommender algorithms: a base-
line model, an IRT-based recommendation algorithm (the IRT-recommender), a matrix
factorization model using singular value decomposition (the SVD-recommender), and an
algorithm that recommended items to students randomly. The latter was added as a
benchmark model for the minimal performance to be attained.

The baseline model predicts a potential gain score by combining the overall average,
student average and item average of the potential gain scores. The potential gain score
for a student on an item is estimated as described by De Schipper et al. (2021). Such
a baseline model is simple to implement, has a low computational cost, and requires no
domain-speci�c knowledge from the user.

The IRT-recommender works similarly to the baseline model, but uses an extended
nominal response model. In our case, this model reduces to the Rasch model for dichoto-
mous items and partial credit model (PCM) for polytomous items. The item parameters
are estimated using conditional maximum likelihood, after which the student parameters
are estimated using maximum likelihood estimation. The student abilities and item pa-
rameters are then used to predict potential gain scores for the students on items which
they have not faced. For dichotomous items, modeled with the Rasch model, the or-
dering of the potential gain scores is the same regardless of student ability. This means
that the items with highest potential gain scores are the same items for each student.
For polytomous items, modeled with the PCM, the ordering of the potential gain scores
can depend on student ability. Therefore, the items with the highest potential gain score
are not necessarily the same items for each student. The IRT-recommender is relatively
simple to implement and has a low computational cost.

The SVD-recommender is a model-based matrix factorization algorithm (Koren et
al., 2009), meaning that it reduces the potential gain scores of the student into scores on
a smaller amount of unobserved latent factors, and predicts potential gain scores by using
the factor loadings of the student and of the item on these factors. The idea behind such
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models is that attitudes or preferences of a user can be determined by a small number
of hidden factors. To this end, it reduces the rating matrix into two smaller matrices
through extracting a smaller number of features. More details on this application of the
SVD-algorithm can be found in the Surprise library documentation (Hug, 2020). Matrix
factorization algorithms generally perform well in terms of accuracy when data is large
and dense enough, but have a relatively high computational cost.

The random recommender predicts a random potential gain score for students on
the items by drawing from a normal distribution with a mean and standard deviation that
are estimated using the observations in the training data.

3.2.1.4 Evaluating the recommender algorithms

In order to test how well the recommender algorithms predict scores for students on
unknown items, we used data from students who have taken these exams in the past
and performed k-fold cross-validation. We can evaluate the model by comparing the
predicated scores with the observed scores on the k test sets (Breese et al., 2013).

It is common in cross-validation for the data to be split into subsets randomly. This
was not possible in the current study, because in order for the CDM-recommender to
estimate mastery probabilities for the students on all domains, it needed observed scores
on items from all domains for all students. To ensure that in each training set, each
student had observed scores on items from all domains, we opted for a strati�ed sampling
method in which about 1=3 of the items per domain are removed in order to produce a
test set. Each third of the data is used as a test set once, in the usual manner of k-fold
cross-validation where k = 3.

The performance of the recommenders was evaluated in terms of precision and re-
call. Precision indicates the proportion of recommended items that were correctly recom-
mended, whereas recall indicates the proportion of relevant (recommendable) items that
were in fact recommended. The performance of the models in terms of these measures
is also dependent on the threshold that we choose to recommend an item. An item is
recommended if its estimated potential gain score exceeds a given threshold. To evalu-
ate the algorithms across a range of sensitivities, we tested 21 threshold values between
zero and one (in increments of 0:05). Higher threshold values improve the precision of a
recommendation algorithm but reduce the recall, and vice versa.

In the context of students studying for their high-stakes central examinations, we
argue that precision is more important than recall: a lower precision may lead to students
unnecessarily spending time on topics which they have already mastered, while a lower
recall may not be such an issue because teachers have other learning resources available
that can be used. Low recall can be problematic when the total number of items that can
be recommended is low, which is why we pay speci�c attention to this in the experimental
part of this study. Lastly, we also inspect variability between the folds of the k-fold
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cross-validation to examine the recommenders' sensitivity to changes in the data.

3.2.1.5 Software

Most of the code relating to the recommendation algorithms was written in the program-
ming language Python 3 (Van Rossum & Drake, 2009), using the surprise library (Hug,
2020). The R programming language (v4.4.1; R Core Team 2025) was used for statistical
testing as well as to make graphical representations of the data and the results. Further-
more, the IRT-recommender and CDM-recommender also made use of the R packages
dexter (Maris et al., 2024) and CDM (George et al., 2016), respectively.

3.2.2 Results

3.2.2.1 Precision

All recommenders besides the random recommender scored similarly in terms of precision,
as can be seen in Figure 3.1. For all thresholds, the di�erence in precision is negligible:
translated to the student level, the di�erence between choosing one of the other three rec-
ommenders amounts to a di�erence of less than one item per student (in the current test
data of 12 items per student). All recommenders outperform the random recommender
at all thresholds except a threshold of zero, with higher thresholds having increasingly
high performance.

3.2.2.2 Recall

Like their performance in terms of precision, all models besides the random recommender
also score similarly in terms of recall, as shown in Figure 3.2. For most thresholds above
0:5, the IRT-recommender performs slightly better in terms of recall than the baseline and
SVD-recommenders. For some of the thresholds starting at 0:5, the CDM-recommender
slightly outperforms the other recommenders. Notably, the random recommender starts
outperforming the other recommenders for high thresholds (starting at 0:7 for the base-
line recommender, 0:75 for the CDM and SVD-recommenders, and 0:8 for the IRT-
recommender).

3.2.2.3 Variability between folds

The CDM-recommender had the biggest maximum di�erence in precision (�precision =
0:0482) and recall (�recall = 0:0859) between the folds, both occurring at a recommen-
dation threshold of 0:6. The reason for the largest di�erences between folds occurring
for the CDM-recommender is most likely because some domains have very few items in
the training set, leading to less reliable estimation of mastery pro�les. The correlations
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Figure 3.1: Recommendation algorithm performance in terms of precision using di�erent
values of the estimated potential gain score as thresholds for recommending an item.
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Figure 3.2: Recommendation algorithm performance in terms of recall using di�erent
values of the estimated potential gain score as thresholds for recommending an item.
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Table 3.1: Correlations between mastery status on each domain estimated using the
complete data versus domain mastery status estimated using training sets 1, 2, and 3.
The content domains are: Learning ability in the subject of Biology (K3), Cells are the base
(K4), Plants, animals, and their cohesion (K6), Maintaining the body (K9), Responding
to stimuli (K11), and From generation to generation (K12).

Training set # K3 K4 K6 K9 K11 K12

1 0:518 0:567 0:636 0:566 0:598 0:663
2 0:400 0:537 0:645 0:614 0:434 0:654
3 0:529 0:623 0:684 0:676 0:689 0:714

Table 3.2: Correlations between item response probabilities per mastery pro�le estimated
using the complete data versus item response probabilities per mastery pro�le estimated
using training sets 1, 2, and 3. Here, �j indicates the conditional probability to obtain
score j given a certain mastery pro�le.

Training set # � 0 � 1 � 2

1 0:983 0:988 0:918
2 0:976 0:982 0:875
3 0:987 0:988 0:999

between estimated mastery statuses per domain in the training sets versus the complete
data shown in Table 3.1 give some indication on the extent to which the number of items
per domain in�uenced the quality of the CDM recommendations. Naturally, the more
items are removed from the training set, the lower the correlations between the results
of the two models. If the item set that is used to estimate mastery pro�les increases,
the estimates will be more reliable, which is likely to result in better recommendations.
This also means that the results that are found for the CDM-recommender in the current
study are a minimal performance measure, not a realistic portrayal of the performance in
practice.

We also correlated the item response probabilities �jc (the conditional probability to
obtain score j given a certain mastery pro�le c) that were estimated based on each training
set with item response probabilities that were estimated based on the complete data. We
found high correlations (all between 0:9 and 1, as shown in Table 3.2), indicating that
the training sets and complete data led to highly similar item parameter estimates.

The SVD-recommender is known to also be impacted by the size (Koren et al., 2009)
and composition (Adomavicius & Zhang, 2012) of the training data. Both the baseline
model and IRT-recommender are less impacted by the size and composition of the training
sets, because they estimate fewer model parameters, and are able to use all available items
that the students have answered for each estimate.
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3.2.3 Conclusion

All recommenders outperform the random recommender for most chosen thresholds in
terms of both precision and recall. The CDM-recommender performs similarly to all
other (non-random) recommenders. The performance of the CDM-recommender is ex-
pected to improve with larger amounts of data per domain. We conclude that the CDM-
recommender shows adequate performance and can therefore be employed in the experi-
mental part of this study to construct practice tests for the participating students.

3.3 Experimental study: the e�ects of the CDM-

recommender in practice

This section discusses the second part of this study, in which we implemented the CDM-
recommender in an experimental real-life situation for recommending a personalized prac-
tice test to students, and assessed its e�ects in terms of student learning gain and student
experience.

3.3.1 Methods

A web-based application called Biologie+ was built for the purpose of this study, allowing
us to control which students were placed in which experimental condition and to collect log
data on the behavior of the participating students. In Biologie+'s teacher environment,
the teacher could log in with their email address, add students, unlock tests for the
students, and view reports based on the results of their students (see Figure 3.3). In the
student environment, students could log in with a personal code that was provided in the
teacher environment when the teacher added students (see Figure 3.4), take the tests
that had been unlocked by their teacher (see Figure 3.5), and view reports based on their
own performance on the pre- and post-test in the application.

Students logged into Biologie+ during three separate Biology lessons. During the
�rst lesson, students took a test which was a central examination from an earlier year.
The students' scores were used as calibration data for the CDM-recommender in order
to assemble personalized practice tests for students in the experimental condition. Fur-
thermore, this test was used as a pre-test for the purposes of this study. On the second
occasion, students studied the exam material by taking either a personalized or �xed
practice test depending on the student's randomly allocated experimental condition. The
construction of the practice tests is discussed in Section 3.3.1.1. After this second session,
the students were administered a short survey on their experiences with the di�culty and
the content of the practice test, as well as on how they felt during the session. During
the third session, the students took another whole exam, which was used as a post-test
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Figure 3.3: An example of a student report available to a teacher using Biologie+,
showing a grade for the entire test, the proportion of points the student has achieved for
each domain, and an indication of the proportion of the points that most students in the
past achieved for the same domain on the same test.
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Figure 3.4: An example of the landing page for students in Biologie+. On this page,
students could navigate to the next test (when enabled by their teacher), as well as view
their rapports for completed tests.

Figure 3.5: An example of the student-facing test administration environment in Bi-
ologie+. In this environment, students could navigate through a test, view the items,
respond to items, and score their answers.
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for the purposes of this study. The practice test for the experimental condition that was
not allocated to the student (e.g., a personalized test for students that had been in the
control condition) was provided as a supplementary test in the application, to ensure that
no student was put at a learning disadvantage regardless of the outcome of the current
study. Students were free to use this test in their studies as desired, and their data were
not used for this study.

During the pre- and post-test, students were instructed to take the test individually
without help from their teacher, their learning materials or the internet. During the
practice tests, students were allowed to use all of these resources and instructed to make
use of the opportunity to study the material. However, in order to prevent interaction
e�ects within the study, students were not allowed to discuss the material with their peers.

3.3.1.1 Construction of practice tests

All practice tests consisted of 18 items, which is approximately half of the length of a
regular central examination for Biology for these students. The reason that the practice
test was made shorter than the regular exam was to give the students time to delve
into the learning material which the items were about. Students in the control condition
were given a practice test that was assembled prior to the study. The contents of the
�xed practice test were designed to be comparable to the students' upcoming central
examinations in terms of 1) the ratio in which the items spanned di�erent topics, 2) the
ratio of open-ended to closed-ended items, 3) the average di�culty of the test, and 4)
the standard deviation of the di�culty of the test.

The personalized practice tests for students in the experimental condition were con-
structed by using the CDM-recommender to choose 18 items from a set of 85 available
items. These 85 items were in the central examinations in the years 2021 and 2023, had no
known performance issues, collectively covered all content domains, and had an average
p-value (proportion correct) of 0:47. Most of the items (78) had a maximum score of one.
Seven items had a maximum score of two. Only one item of this set was included in the
�xed practice test, so overlap between the practice tests in the experimental conditions
was minimal. In order to assemble a personalized practice test for the students in the ex-
perimental condition, the CDM-recommender estimated mastery pro�les for the students
using the scores on the pre-test, used these to estimate the potential gain scores on the
available 85 items, and obtained the 18 items with the highest potential gain scores. The
Q-matrix included only unidimensional items (each item measured only one domain). The
pre-test which was used to estimate the mastery pro�les contained two items for domain
K3, four items for domain K4, six items for domain K6, 12 items for domain K9, �ve
items for domain K11, and seven items for domain K12. A more detailed description of
the CDM-recommender can be found in Section 3.2.1.2.

Since 50:3% of the potential gain scores in the historical student data were score 1,
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and 1% were score 0:5, the prevalence of items that were relevant to recommend was
51:3% with a threshold of 0:5 or lower and 50:3% with a threshold higher than 0:5.
Combined with the results that were achieved in the theoretical study in terms of recall,
we expected that there would be, on average, enough items available to be recommended
to the students as part of their practice test.

3.3.1.2 Learning gain

The student's scores on the pre- and post-tests were converted to a grade between one
and ten (ten being the highest), taking the di�culty of the tests into account by adjusting
the calculation with the method that is also customary in the student's �nal examinations.
Grades on the pre-test were calculated as follows: grade = (score=maximum) � 9 + N,
where N = 1:6 for the pre-test and N = 1:4 for the post-test. The di�erence between the
constants N in these calculations re�ects the di�erence in di�culty between the tests and
ensures comparability between the pre- and post-test grades. Learning gain was de�ned
as the di�erence in grade between the post-test and pre-test. Note that negative learning
gains were possible.

3.3.1.3 Student experience

Five-point Likert scales were used to measure the students' perceived di�culty of the
practice tests (very easy, easy, neutral, di�cult, very di�cult) and whether the students
thought that the practice test concerned topics that they found di�cult (completely
disagree, disagree, neutral, agree, completely agree). These variables were considered
continuous for the purposes of the analyses. The students were also asked how they
felt while taking the practice test using an open-ended question. Their answers were
categorized independently by two raters into negative, neutral, or positive. The two
raters initially agreed 74% (39 out of 53) of the time, and full agreement was reached
after discussion.

3.3.1.4 Statistical analyses

One-tailed student's t-tests for independent samples (� = :05) were used to test for the
e�ect of experimental condition on learning gain, perceived di�culty of the test, and
perceived topics in the test. The hypotheses were that students in the experimental
condition would show higher learning gains, perceive the practice test as more di�cult,
and perceive the practice test to contain more topics that they �nd di�cult compared to
students in the control condition. A Chi-square test of independence was used to test for
a relationship between experimental condition and how the student felt during practicing.
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Students with missing values on variables relevant to the analyses were removed.
29:8% of students (25:0% in the control condition and 34:7% in the experimental condi-
tion) who participated in the pre-test did not participate in the post-test and where thus
removed from the analysis testing for the e�ect of experimental condition on learning gain.
3:8% of students who participated in the survey on their experiences with the practice
test (2:1% in the control condition and 6:3% in the experimental condition) were removed
from the analysis testing for the e�ect of experimental condition on perceived di�culty
of the test, and 7:5% of students (6:3% in the control condition and 9:4% in the exper-
imental condition) were removed from the analysis testing for the e�ect of experimental
condition on perceived topics in the test.

3.3.2 Results

3.3.2.1 Learning gain

Students in the control condition had a slightly higher average learning gain (M = 0:14,
N = 57) than students in the experimental condition (M = 0:04, N = 49), but the e�ect
was not signi�cant (t(102) = 0:36, p = :64). There was more variance in learning gain in
the control condition (SD = 1:62) than in the experimental condition (SD = 1:19).

3.3.2.2 Student experience

Students in the experimental condition (N = 32) experienced the practice test as sig-
ni�cantly more di�cult (t(68) = 2:96, p = :002) than students in the control condition
(N = 48). The e�ect size of d = 0:67 is large in the context of an educational interven-
tion (Kraft, 2020). The distributions of the students' perceived di�culties can be seen in
Figure 3.6.

The average p-values of the personalized practice tests for the students in the experi-
mental condition can be seen in Figure 3.7. The average p-value of the standard practice
test was 0:47.

There was no signi�cant di�erence between the control (N = 45) and experimental
condition (N = 29) in whether the students felt like the practice test concerned topics that
they found di�cult (t(72) = 0:47, p = :68). There was no signi�cant relationship between
the experimental condition and how students felt during the practice test (�2(2; N =
53) = 4:10, p = :13, Ncontrol = 31, N experimental = 22).

There was a higher percentage of non-response within the experimental condition. We
were able to compute learning gain for 65% of the participating students, compared to
75% in the group of students in the control condition. Furthermore, only 35% of students
in the experimental condition completed the survey after the practice test, versus 54% of
students in the control condition.
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Figure 3.6: The perceived di�culty of the practice tests for students in the control and
experimental conditions.
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Figure 3.7: Average p-values (proportion correct) of the personalized tests for students
in the experimental condition.

3.4 Discussion

In this study, we developed a CDM-based recommendation algorithm and evaluated its per-
formance in assembling personalized practice tests to students. The CDM-recommender
showed adequate performance and was therefore employed in an experimental intervention
in which students preparing for their central examinations were given either a personalized
set of practice items generated by the chosen recommender, or a �xed set of items. Con-
trary to our hypothesis, we did not �nd a signi�cant di�erence in learning gain between the
experimental groups. In line with our expectations, students who received personalized
practice tests reported �nding them more di�cult than the �xed set.

Our �ndings with regards to learning gain indicate that while CDM-based personal-
ization of practice tests can successfully identify more challenging content for the student,
this does not necessarily translate to immediate improvements in learning outcomes. Since
it is known that being faced with very di�cult learning materials can hamper students'
motivation (e.g., Ryan & Deci, 2000), the bene�ts of producing practice tests this way
would have to be convincing to justify applying them in summative assessment contexts.
No validated measure of motivation was collected during the course of this study. How-
ever, it is imaginable that the higher non-response in the experimental condition could in
part be due to lack of motivation.

48



CDM-recommender

3

Several factors may explain the lack of a di�erence in learning gain between the exper-
imental and control condition. Since the limited sample size impacts the statistical power
of the study, it is possible that there was an e�ect but we were not able to observe it.
There are also reasons to believe that any e�ect taking place due to our experimental in-
tervention would be a small e�ect (if only because that is to be expected for educational
interventions, see Kraft (2020)). For example, although the students were presumably
quite motivated to do well (due to the high-stakes nature of their central examinations),
it is likely that the experimental setting in this study led to typical performance for the
students as opposed to the maximum performance they are more likely to display during
their �nal examinations (Klehe et al., 2018). Besides that, students may also need time
to adjust to personalized practice (Bransford et al., 2000; Shute, 2008), which was not
accounted for in the experimental design. Additionally, by the time of the study, students
had been long preparing for their exams, so most learning had occurred before the inter-
vention. A longitudinal study with a larger sample size should be considered in order to
be able to observe any smaller and more long-term e�ects. Lastly, it is to be expected
that the students in both the experimental and the control condition also learned in ways
unrelated to the experimental intervention during the course of the study.

Of course, as the e�ectiveness of personalized practice heavily depends on the speci�c
nature of the material and the context in which it is applied (Heritage, 2007; Shute, 2008),
it is also possible that the type of personalization applied here was not the most e�ective
in achieving learning gain in this context. Additionally, personalized practice tests that are
made to deliberately target knowledge gaps, although tailored to individual needs, may
inadvertently increase cognitive load, making it more di�cult for students to process and
learn from the recommended items (Sweller, 1988). The lack of improvement in learning
gain may therefore re�ect a misalignment between student readiness and the level of the
challenge presented. With respect to both cognitive load and motivation, it may be more
e�ective to optimize for a di�erent measure when recommending learning materials. Ex-
ploring the balance between cognitive load and question di�culty in personalized practice
tests seems essential to ensure that recommendations e�ectively support student learning
without overwhelming them (Van Merrienboer & Sweller, 2005).

Interestingly, in contrast to our intent to save students time by helping them avoid
content already mastered, student and teacher feedback indicated a preference for more
practice materials, not fewer. This suggests that the assumption that personalization
should prioritize e�ciency may not align with user preferences or needs. In high-stakes
exam contexts, students and teachers may value comprehensiveness and reassurance over
strictly targeted practice. This highlights the need for more user research in developing
personalized learning tools.

We look forward to seeing future studies on this topic in many useful and interesting
directions. Including more diverse data sets could also help us better understand the

49



Chapter 3

e�cacy of recommender systems across various subjects and educational contexts. For
example, studies could examine whether di�erent groups of students (e.g., low vs. high
prior achievers) bene�t di�erentially from personalized practice. Additionally, combining
recommender systems with adaptive learning technologies may better align recommended
items with individual learning trajectories (Brusilovsky & Millán, 2007). Incorporating
student feedback into such adaptive systems could further re�ne the recommendations
and enhance the learning experience (Hattie & Timperley, 2007). Another possibility is
to allow the student agency in the selection of the practice materials, as suggested by
Kulasegaram and Rangachari (2018) and Bernacki et al. (2021). Providing opportunities
for choice may help optimize for both learner performance and engagement. Aligning the
learning materials with the students' interests has also been known to improve interest in
learning, learning experience, motivation and engagement (Bernacki et al., 2021; Walk-
ington, 2013). Lastly, integrating a�ective and motivational measures in studies could
help understand how students perceive and respond to personalization over time.

While this study did not �nd signi�cant short-term learning gains from CDM-based
personalization of practice tests in summative exam preparation, it provided insights into
its impact on student learning outcomes and experience. These insights contribute to the
growing body of research on adaptive learning and aligning personalization with learners'
needs, preferences, and educational goals. While such tools can o�er precise targeting
of content, their practical value depends on how well they are integrated into broader
instructional and motivational frameworks. Educational practitioners should be involved
in the design and evaluation of personalization systems in order to enhance both their
e�ectiveness and their acceptance, and to ensure they provide an optimal balance of
challenge and support for students (Shute, 2008).
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Abstract
Background: Students take many tests and exams during their school career,
but they usually receive feedback about their test performance based only on an
analysis of the item responses. With the increase in digital assessment, other
data have become available for analysis as well, such as log data of student
actions in online assessment environments. This paper explores how we can
use log data to extend performance-related feedback with information related
to the applied solution strategy. Methods: First, we performed an exploratory
model-based cluster analysis in order to identify the solution strategy of 802
students with a modal age of 14 in a pre-algebra item from the French national
assessment CEDRE. Second, we related the students' solution strategies to their
mathematical ability based on the entire assessment. Results: Five distinct
groups of students with di�erent in-assessment behavior were identi�ed, of
which one group had a signi�cantly lower estimated mathematics ability than
the other groups. Conclusion: These �ndings can provide a basis for more
in-depth feedback and further instruction on the level of an individual student
and can inform teaching practices at the class level.
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4.1 Introduction

Advancements in computer-based assessment in the past decades have focused on provid-
ing a direct measurement of complex concepts or skills (Pellegrino & Quellmalz, 2010).
Now that test designers move to take advantage of the wide array of unique possibilities
on digital platforms and devices, new technology-enhanced item types are emerging and
assessment environments are becoming more than a translation of existing paper-based
assessments. Technology-enhanced assessment o�ers new opportunities for just-in-time
and personalized feedback contingent on the student's progress, as well as more adaptive
assessments (Timmis et al., 2016).

With the digitization of the educational assessment domain and the rapid develop-
ments in technology in general also comes a higher availability of student data, as well
as the possibility of storing more meaningful data concerning the test-taking process and
situation than just student responses and the accompanying scores. This type of data is
referred to as process data. Examples of process data include gestures, eye movements,
and physiological responses. A speci�c category of process data is log data, which consists
of the logged interactions that students have with a digital testing environment, such as
mouse movements, mouse clicks, keystrokes and their timing (e.g., Kröhne & Goldham-
mer, 2018; Lindner & Grei�, 2023; Maddox, 2023). Log data has long been stored and
analyzed in the �eld of web analytics and more recently within digital learning systems as
well (e.g., Cetintas et al., 2009a, 2009b; Wang, 2021). In recent decades, studies that
make use of log data have begun to emerge in the �eld of educational assessment. One
common application is the use of response times for improving estimates of ability (e.g.,
Bolsinova & Tijmstra, 2017; Fox & Marianti, 2016; Van der Linden et al., 2010). Studying
student behavior (either using log data or other methods such as observational studies)
can teach us about test design and student learning processes (Shute et al., 2009).

ILSAs also increasingly make use of digital-based interactive and technology-enhanced
items (e.g. PISA (OECD, 2024), TIMSS (von Davier et al., 2024), ICILS (Heldt et
al., 2020), and PIAAC (He, Borgonovi, & Paccagnella, 2019)). Process data of these
items potentially contain valuable information about interindividual and intraindividual
di�erences in response processes. However, how to e�ectively incorporate process data
into ILSA analyses remains unclear, despite the growing number of studies on this topic
in recent years (e.g., Goldhammer et al., 2017; Tang et al., 2020; Ulitzsch et al., 2021).

4.1.1 Log data research in educational assessment

Research into log data in educational assessment has for a large part so far focused on
the topics of game-based assessment (Chen et al., 2020; Cui et al., 2019; Kerr & Chung,
2012), response motivation (Nagy & Ulitzsch, 2022; Nagy et al., 2022; Pokropek et al.,
2023; Ulitzsch, Yildirim-Erbasli, et al., 2022) or rapid guessing (Deribo et al., 2023; Nagy
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et al., 2022), and the assessment of (complex) problem-solving ability (e.g., Chen et al.,
2020; Grei� et al., 2016; He & von Davier, 2015; Stadler et al., 2019; Ulitzsch, He, &
Pohl, 2022). Studies on the assessment of (complex) problem-solving ability suggest that
log data can signi�cantly enhance our understanding of students' cognitive and behavioral
processes.

Approaches to log data analysis in the �eld of (complex) problem-solving can roughly
be divided into data-driven or theory-driven methods (or a combination of the two).
Log data are very suited to data-driven analysis methods (Chen et al., 2020), and many
researchers have consequentially approached the analysis of log data in a bottom-up
fashion (Chang et al., 2017; Chen et al., 2019; He, Borgonovi, & Paccagnella, 2019; He,
Liao, & Jiao, 2019; He & von Davier, 2015, 2016; Ulitzsch, He, & Pohl, 2022; Xiao et al.,
2021). An advantage of data-driven log data analysis methods is that they can generally
be generalized over items or tasks (He et al., 2021).

However, for the results of such analyses to be useful in practice, it is important to
bridge the gap between the data and didactic theory (Gobert et al., 2013). For this reason,
others have opted for a more theory-driven and top-down approach, in which hypotheses
about the relations between certain behaviors and outcomes of interest are formulated in
advance (Albert & Steinberg, 2011; Chen et al., 2020; Eichmann et al., 2019; Goldhammer
et al., 2021; Grei� et al., 2016; Han et al., 2019; He et al., 2023; Jiang et al., 2023;
Westera et al., 2014). These theoretically relevant behaviors are often operationalized by
(aggregated) events in the log data into single unit measures, and subsequently analyzed
using standard statistical methods. It is possible to aggregate some sequential information
into such single unit measure, but this approach essentially does not take the order of
student interactions into account, which poses an important disadvantage. However,
there are recent examples of studies using theory-driven approaches that also take the
order of student interactions into account. For example, Jiang et al. (2023) and He et al.
(2023) compared sequences of log events to expert reference sequences using sequence
mining, and Zhang and Andersson (2023) made use of network analysis to represent the
order in which students perform operations.

Other recent studies have combined a more top-down, theory-driven approach with
data-driven techniques (Eichmann et al., 2020; He et al., 2021; Stadler et al., 2019). For
example, Eichmann et al. (2020) categorizes student actions into several didactically
meaningful categories before doing a sequence-based analysis. An advantage of this
approach is that the analysis allows for students to display behaviors from several di�erent
categories (instead of being limited to one category). However, for this approach to be
feasible, it is necessary that student actions can be assigned to one (and only one) category,
which is not always the case.
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4.1.2 Log data research in mathematics assessment

As demonstrated by the studies described above, analyses of log data have led to new
insights in the assessment of (complex) problem-solving. In di�erent areas of study, log
data could lead to similar advances. In the area of mathematics education, the recent
decade has seen a steady increase of studies taking log data into account to advance our
understanding of student cognitive and behavioral processes. Some of this work has taken
place in the context of online learning or tutoring environments (Derr et al., 2018; Gobert
et al., 2015; Hrastinski et al., 2021; Kerr & Chung, 2012; Martin et al., 2015; Olsher et
al., 2023), whereas others have analyzed log data coming from collaborative, formative or
summative assessment (Araneda et al., 2022; Faber et al., 2017; Jiang et al., 2021, 2023;
Mohan et al., 2020; Reis Costa et al., 2021; Salles et al., 2020). Several of these studies
have related variables derived from log data to student achievement or success on tasks
(Araneda et al., 2022; Derr et al., 2018; Faber et al., 2017; Mohan et al., 2020; Salles
et al., 2020). Other interesting applications included using time-on-task to improve the
precision of ability estimates (Reis Costa et al., 2021), relating questions that were posed
in an online tutoring environment to perceived satisfaction and learning (Hrastinski et al.,
2021), using variables derived from log data to identify students at risk of dropping out
(Derr et al., 2018) and using sequence mining on keystroke sequences to relate onscreen
calculator use to student pro�ciency (Jiang et al., 2023).

A few studies aimed to identify student solution strategies or error patterns: Kerr and
Chung (2012) did so in the context of educational video games and simulations, and both
Jiang et al. (2021) and Salles et al. (2020) did so in the context of a large-scale national
mathematics assessment. Learning about the di�erent solution strategies that students
take in solving items in mathematics assessments, and which strategies are e�ective in
what situations, can provide a basis for feedback towards students and teachers to inform
the learning process (Zhang & Andersson, 2023), since it constitutes feedback on possible
improvements (Shute et al., 2009).

4.1.3 Theoretical framework and research questions

In this study, we examine di�erent solution strategies that students can use on an in-
teractive mathematics item, both from a theoretical and an empirical viewpoint. We
theoretically distinguish the possibility for an algebraic solution strategy as well as for a
numerical trial and error solution strategy on the item used in this study. The theoreti-
cal framework for student solution strategies used in this study was introduced by Sfard
(1991), and de�nes a distinction between an operational and a structural approach to
mathematical concepts.

In the operational approach, the student views a mathematical concept as a process.
A numerical trial and error solution strategy is considered an operational approach. In the
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structural approach, the concept is viewed as an object with its own characteristics, which
can be compared to other objects of the same type. An example of the distinction in these
views is the notion of algebraic expression. An algebraic expression can be seen as a series
of operations that lead from input to output, or as an object with characteristics such
as being quadratic, being equivalent to another one, or being symmetric in its variables.
An algebraic solution strategy is considered a structural approach. It is suggested that
students start viewing mathematical concepts from a more structural perspective towards
the higher secondary grade levels.

Within this study we aim to identify which of these two approaches (if any) students
have taken on a digital mathematics assessment item. To this end, we have derived
meaningful variables from student log data based on this theoretical framework to answer
the following two research questions:

1. Do students use an algebraic (structural), a numerical trial and error (operational),
or a di�erent type of solution strategy while solving a digital mathematics assess-
ment item?

2. What is the relationship between student mathematical ability and their solution
strategy?

In this study, we report on the results for these research questions and expand on the
methodological challenges that we faced along the way.

4.2 Methods

In this study, we looked at an item from French national mathematics assessments in
grade nine as a test case to develop methods for analyzing mathematical log data in a
way that leads to didactically meaningful inferences about a student's solution strategy.

4.2.1 The Product Equation Item

The item that was analyzed in this paper is called `Product Equation', and is displayed in
Figure 4.1. The question that has to be answered by the student is which number they
have to choose for the result of the calculation on the left to become zero. The �nal
responses are entered into the input �elds on the right. In the input �eld on the left,
the student can try di�erent values and the result of the equation is calculated for them.
When the student enters a value into the �eld, the left side of the calculation multiplies
the value by 3 and then adds 2. The right side subtracts 3 from the input value. These
intermediate results are then multiplied to produce the �nal result of the calculation. If
the result is 0, the starting value the student has entered is a correct response to the
item. The students also have a pencil tool, eraser, measuring tool, graphing tool, and
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Figure 4.1: The `Product Equation' test item.

Note. This test item has been translated from French to English for the bene�t of the
reader.

calculator at their disposal, although none of these tools are necessary to solve the item.
The correct responses to the item are �3� and ��2=3�.

The scoring for the item was dichotomous and without the possibility of partial credit,
meaning that the students could either score zero points or one point on the item in the
assessment. The student was awarded the point if they correctly identi�ed one of the two
possible correct answers, either in the answer �elds or in the input �eld of the calculation
program on the left. Numbers within 0:01 distance of either of the two correct answers
were also deemed correct.

The two main strategies that can be followed for solving this item are a trial and
error (operational) approach and an algebraic (structural) approach. In a trial and error
approach, the student tries out di�erent input values in the calculation program to �nd
the correct one(s) by trial and error. The student may stop after the �rst correct response
has been found, or may continue to search for another correct response. Students who
use an algebraic approach realize that the calculation program translates to the expression
(3x + 2)(x � 3). To �nd its solutions, they should be aware that for a product to be zero,
one of the factors should be equal to zero (or both, but that does not apply here). These
students may input an �x� as starting value into the program, which then outputs the
expression (3x+2)(x �3), and solve the equation either mentally or using pen and paper.
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As such, these students may spend more time away from the assessment environment.

4.2.2 Data collection

The item that was analyzed in this paper is part of the assessment cycle called CEDRE
(Cycle des Évaluations Disciplinaires Réalisées sur Échantillon). CEDRE is a French na-
tional sample-based low-stakes assessment created and organized by the Department for
Evaluation, Prospective and Performance (DEPP). DEPP is the entity within the French
ministry of education (Le ministère de l'Éducation nationale, de la Jeunesse et des Sports)
that is responsible for national educational measurement. CEDRE was created to measure
the level of (among other abilities) mathematics among di�erent age groups in the French
educational system, as well as to provide a testing ground for innovations in national ed-
ucational assessment.

In recent years, DEPP has developed technology-enhanced interactive item types for
computer-based assessment to measure speci�c skills within the mathematical domain.
Speci�cally, they developed items which engage higher-order mathematical thinking (as
opposed to more rudimentary arithmetic skills) by having the assessment environment do
calculations for the student (Salles et al., 2020). It is then up to the student to use the
environment and its results to draw conclusions and respond to the item.

In total, the CEDRE administration in 2019 encompassed 348 items, administered to
7; 992 students in 309 schools. The assessment had 30 items in a linked design with 13
test booklets, followed by a second, multistage test and a context questionnaire. The
assessment took place in the digital TAO test environment, with which the participat-
ing students were familiar beforehand. It was administered to students in ninth grade
(troisième in the French school system) in both public and private sector schools. The
modal age of the participating students was 14 years. Taking part in the assessment was
obligatory for students in the participating schools. The test item analyzed in this paper
was administered to 1; 004 students. The students were provided with pen and scrap
paper.

The students' abilities were estimated with a two-step procedure using the scores
on all items in the assessment with a two-parameter logistic (2PLM) model. In the �rst
step, item parameters were estimated using Marginal Maximum Likelihood (MML) with an
Expectation-Maximization (EM) algorithm. In the second step, item parameters were kept
�xed and student abilities were estimated using Warm's Weighted Likelihood Estimation
(WLE). This two-step procedure was used to allow for the comparison of results across
di�erent test cycles. More detailed information can be found in the assessment's technical
report (Philbert et al., 2022).

The log data resulting from the aforementioned assessment consisted of an identi�-
cation variable for the test taker, the time and date of the administration, a �nal state
for all the components in the item environments (e.g. a value in the case of an input
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�eld), and all actions the students have taken in the item environment accompanied by a
timestamp.

The following steps were undertaken to clean the data. Students who did not interact
with the assessment environment at all were removed from the data, as well as students for
which no score, estimated ability, or response time was registered. Another �ve students
were removed from the data due to a technical malfunction in the registration of their
response times. After cleaning, the data consisted of 802 students.

The interactions derived from students' input into one of the textual input �elds in
the item interface (the input �eld of the calculation program, see Section The Product
Equation Item) were also cleaned. Speci�cally, two types of interactions were removed:
construction events, interactions that were registered while typing a longer sequence of
characters, and deletion events, interactions that were registered while deleting input
from a �eld. For example, if a student typed ��3� into one of the �elds and subsequently
deleted this input, four interactions would be registered (respectively): � ��, � �3�, � ��,
and an empty string. The �rst of these interactions is a construction event and the last
two are deletion events, and would thus have been removed while cleaning the data.

4.2.3 Variable construction and conjectured relationships to so-
lution strategy

Variables were constructed from the log data based on the expected student behavior
for the algebraic solution strategy, or structural approach (Sfard, 1991), and for the
numerical trial and error solution strategy, or operational approach (Sfard, 1991). These
variables were used to see if we could identify which approach a student took. Table 4.1
describes how each variable was constructed and re�ects conjectures about underlying
solving strategies for di�erent student behavior displayed in the variables. The variables
are listed in order of the strength of the conjectures.

Table 4.1: Constructed variables and conjectured relationships to solution strategy.

Name Type Description Expectation

Entered the
value �x�

binary Whether the student en-
tered the value �x� into
the computational input
�eld. When �x� is en-
tered, the computational
program outputs (3x +
2)(x � 3) as the result.

It was expected that stu-
dents using an algebraic
approach more often in-
put the value �x� than
students using a numerical
trial and error approach.
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Answered
��2=3�

binary Whether the student sub-
mitted ��2=3� as answer
to the item.

It was expected that stu-
dents who took an alge-
braic approach were able to
�nd the more di�cult an-
swer more often than stu-
dents using a numerical
trial and error approach.

Number of in-
teractions

count The total number of times
the student interacted with
the item.

It was expected that stu-
dents who took a nu-
merical trial and error
approach interacted more
with the assessment envi-
ronment than students us-
ing an algebraic approach.

Longest time
without inter-
action

continuous The longest interval (in
seconds) in which the stu-
dent has not interacted
with the item.

It was expected that stu-
dents who took an al-
gebraic approach spent a
larger amount of time away
from the assessment envi-
ronment than students us-
ing a numerical trial and
error approach.

Time before
interacting

continuous The interval (in seconds)
between when the student
was faced with the item
and when the student �rst
interacted with the item.

It was expected that stu-
dents who took a numeri-
cal trial and error approach
interacted with the item
more quickly than students
who took an algebraic ap-
proach.

Entered the
value ��2=3�

binary Whether the student en-
tered the value ��2=3�
into the computational in-
put �eld.

It was expected that stu-
dents using an algebraic
approach input the value
��2=3� more often than
students taking a numer-
ical trial and error ap-
proach, as ��2=3� is un-
likely to appear in a trial-
and-improve process, and
rather suggests the check
of an algebraically found
value.

Number of
unique values
entered into
the computa-
tional input
�eld

count The number of unique val-
ues the student entered
into the computational in-
put �eld.

It was expected that stu-
dents who took a numeri-
cal trial and error approach
entered more unique values
into the calculation pro-
gram than students using
an algebraic approach.
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Number of
values en-
tered into the
computational
input �eld

count The number of values the
student entered into the
computational input �eld.

It was expected that stu-
dents who took a numer-
ical trial and error ap-
proach entered more values
into the calculation pro-
gram than students using
an algebraic approach.

Answered �3� binary Whether the student sub-
mitted �3� as answer to the
item.

There was no clear expec-
tation of a relationship be-
tween this variable and the
approach a student took,
as the correct answer �3�
can be found quickly using
either approach.

Response time continuous The interval (in seconds)
between when the stu-
dent was faced with the
item and when the student
moved on to the next item.

There was no clear expec-
tation of a relationship be-
tween this variable and the
approach that the student
took. Both the numeri-
cal trial and error approach
and the algebraic approach
may take a shorter or
longer amount of time.

Entered the
value �3�

binary Whether the student en-
tered the value �3� into the
computational input �eld.

There was no clear expec-
tation of a relationship be-
tween this variable and the
approach a student took,
as this can re�ect the re-
sult of a trial-and-improve
process, or a conscious way
to check the result of the
algebraic strategy.

4.2.4 Analysis

To �nd meaningfully distinct groups of students based on in-assessment actions, we per-
formed an exploratory model-based cluster analysis using the constructed variables as
input variables. The analysis was performed using version 1.5-0 of the depmixS4 pack-
age (Visser & Speekenbrink, 2010) in version 4.4.1 of the R programming language (R
Core Team, 2025). The models used in the analysis were �nite mixture models. Binary
variables were modeled using a binomial distribution with a logit link function. Count
variables and continuous variables were both modeled using a Gaussian distribution with
a log link function.

In Section 4.2.3, we described how theoretical expectations on student behavior in-
formed the construction of a set of variables. In order to determine which of these variables
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to include in the �nite mixture models, we inspected the correlations between these con-
structed variables. We used a Pearson correlation for combinations of count or continuous
variables, a point-biserial correlation for combinations of binary variables with count or
continuous variables, and a tetrachoric correlation for combinations of binary variables.
Variables that were very highly correlated (r > 0:9) with other variables were excluded
from the model.

As a �rst step in determining the number of latent classes of students to �t in the �nal
model, we compared the �t of models with one to ten classes, simultaneously assessing
the robustness of the models to variations in the data by using a bootstrap procedure (e.g.
Efron & Tibshirani, 1994). In each of 100 bootstraps, we sampled the total number of
students from the original dataset (802) with replacement, creating 100 new datasets that
di�ered from the original dataset. For each of these 100 new datasets, we �t ten �nite
mixture models: one for each number of classes from one to ten. For each model, the
BIC (Bayesian Information Criterion (Schwarz, 1978)) model �t measure was computed.
We inspected the standard deviations of the BIC values over the 100 bootstraps to assess
the robustness of the model �t for variations in the student data. The means of the BIC
values over the bootstraps were used to determine which number of estimated classes led
to acceptable models in terms of their �t.

Next, each of these models was �tted on the original dataset 100 times using di�erent
sets of starting values, to prevent the estimation of the parameters from landing on a
local maximum. The expectation-maximization algorithm (Dempster et al., 1977) that
was used to estimate the parameters was allowed 100 iterations each time to converge
to a solution. A minimal example of the code used for the analysis is included in the
appendix (Section 4.6). To choose a �nal model from the at most ten models that we are
left with (one for each number of classes that led to a model with acceptable model �t),
descriptive statistics and visualizations of the behavior of students in the di�erent classes
on each of the variables in Section 4.2.3 as well as the students' scores were inspected
to describe the type of student that was typical in each of the classes. As a rule, we
opted for a model with fewer classes (a simpler model) unless adding a class would lead
to a solution with more meaningfully distinguishable and describable groups of students
(Spurk et al., 2020). The descriptive statistics and visualizations for the selected model
are included in the results section. To ensure that the chosen model �tted the data well,
we visually inspected the model parameters for the classes with the observed values for
students in those classes. For the variables that were included in the selected model, the
estimated model parameters are included in the visualizations to provide the reader with a
practical sense of the �t of the model. To answer the second research question, two-sided
t-tests with � = 0:05 and a Bonferroni adjustment were used to determine the statistical
signi�cance of the di�erence in student ability between the classes of students.
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Table 4.2: All �tted �nite mixture models with model �t statistics.

Number of classes Log-likelihood Degrees of freedom BIC AIC

2 �15; 737 23 31; 628 31; 520
3 �15; 371 35 30; 977 30; 813
4 �15; 133 47 30; 581 30; 361
5 �14; 911 59 30; 216 29; 939
6 �14; 757 71 29; 988 29; 655

4.3 Results

4.3.1 Exploring student solution strategies

4.3.1.1 Model selection

To identify the di�erent solution strategies students used while solving the digital mathe-
matics item, we performed an exploratory cluster analysis. We �rst inspected the correla-
tions between the variables, which can be seen in �gure 4.2, to determine which variables
should be included in the model. Due to their very high correlations with other variables,
the following four variables were excluded from the model: whether the student answered
��2=3�, the number of unique values entered into the computational input �eld, the
number of values entered into the computational input �eld, and whether the student
answered �3�. The remainder of the variables described in Section 4.2.3 were included in
the �nite mixture models.

For each of the one to ten classes of students, models were �t on 100 bootstraps of the
data. The means and standard deviations of the BIC �t measures over these bootstraps
are shown as an elbow plot in �gure 4.3. The standard deviations of the BIC �t measures
over the bootstraps were very small for each number of classes, which indicates that the
models seem robust to variations in the data. Furthermore, it can be seen that a model
with two classes constituted a large improvement in BIC compared to a model with one
class. Each model with more than two classes further improved the BIC marginally.

To select a �nal model, we interpreted the behavior of students in the estimated classes
through descriptive statistics and visualizations, starting with a model that estimated two
classes, and �nally moving up to a model with six classes. The �t measures for the
di�erent models that were �tted and interpreted are displayed in Table 4.2.

The model with two estimated classes seemed to distinguish students based on the
level of engagement with the item in general. Students in one of the classes spent more
time on the item and had a higher performance than students in the other class. Fitting
the model with three latent classes constituted an improvement in interpretability over
the model with two classes. This model was able to more clearly identify students who
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Figure 4.2: Correlations between variables.
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Figure 4.3: Means and standard deviations of BIC �t measures over 100 bootstraps
for one to ten latent classes. Note that the y-axis does not start at zero for reasons of
legibility.
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engaged with the item very little and scored very badly. The other two classes were more
di�cult to interpret and seemed to contain students that used a mix of solution strategies,
with one class spending more time on the item and the other interacting a bit more with
the environment.

Estimating a model with four latent classes led to an improvement in interpretability of
the classes over a model with three classes. Not only was the model again able to identify
a group of students that engaged very little and were usually unsuccessful on the item, the
other three classes also showed more internal consistency and interpretable behavior. Two
of the classes showed behavior consistent with the expected behavior in the hypothesized
algebraic and trial and error solution strategies. The third contained students that spent
a reasonable amount of time on the item, but interacted little with the environment and
often did not succeed. Reasons for this type of behavior could be that the student did
not know how to approach the item, was distracted, or was unsuccessful in solving the
item outside of the environment (perhaps algebraically). A model with �ve estimated
classes was more interpretable still: it yielded similar classes of students that were found
by the model with four classes, but with increased consistency. It also identi�ed a class
of students who spent enough time and e�ort on the item to enter �3� as the �rst correct
answer but who did not put in much e�ort to �nd the second answer. The model with six
estimated latent classes did not result in a more interpretable solution than the model with
�ve classes, as it yielded two classes of students with rather similar behavior. Therefore,
the �nal selected model was the model with �ve estimated latent classes.

4.3.1.2 Selected model

The selected model estimated �ve latent classes and included seven variables: whether
the student entered the value �x� into the computational input �eld, whether the student
entered the value ��2=3� into the computational input �eld, the number of interactions,
the longest time without interaction, the time before interacting, the student's response
time on the item, and whether the student entered the value �3� into the computational
input �eld. The classes contained 178, 101, 228, 177, and 118 students, respectively.
Descriptive statistics on all variables are listed in table 4.3 for all students in the data as
well as the students in the estimated classes. The high similarity between the observed and
estimated values in Figures 4.5, 4.6, and 4.7 shows that the practical �t of the selected
model is adequate.

As can be seen in the top-left corner of Figure 4.4, the vast majority of students in
classes two, three, and four successfully completed the item, with students in class four
succeeding most often. A smaller percentage, though still a majority, of students in class
one successfully completed the item, versus only about a quarter of students in class �ve.
The chart in the top-right corner of the same �gure shows a very similar pattern, because
students who successfully completed the item almost always answered �3�, which was
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Figure 4.4: Characteristics of students in di�erent classes with regard to score-related
variables.
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the easiest to �nd of the two possible correct answers. Finding the much more di�cult
correct answer ��2=3� was rare: only 32 (4:0%) of students did so. All students who
answered �-2/3�, with the exception of one student in class two, also answered �3�. Class
two housed the largest percentage of students who answered ��2=3�, followed by class
four, one, three, and �ve, respectively.

The charts in Figure 4.5 show how often speci�c values were typed into the input �eld
of the calculation program (see Figure 4.1) by students in the �ve classes. A relatively
large part of students in classes four and two entered the value �x� into the computational
input �eld. Very few students in classes three, one, and �ve did so. Most of the students
in class two, three, and four tried the value �3�, versus a little over half of the students
in class one, and much fewer still in class �ve. Very few students (19, or 2:4%) tried the
value ��2=3�, and most of these were assigned to class four or class two.

The graphs in Figure 4.6 show how often students in the �ve classes interacted with
the item in the digital environment, how many unique values they tried in the input �eld
of the calculation program, and how many interactions they had with this �eld in general.
Students in class �ve interacted very little with the item, showing both the lowest median
and interquartile range of all classes. Following in order of median were students in class
one, three, two, and �nally four. Students in class four had the highest median, and
students in class two showed the most variation in number of interactions. Students with
an exceptionally high amount of interactions were most often in class two, and sometimes
in class four. The distributions of students for the other two variables showed a very
similar pattern, which follows logically from the very high correlations between these
three variables.

The distributions of time-related variables for students in the four classes can be
seen in Figure 4.7. Class two had a larger interquartile range than the other classes
on all three time-related variables (response time, time before interaction with the item,
and longest interval with no interaction), indicating that these students portrayed more
variation in time-related behavior than students in the other classes. Class two had the
highest median on all time-related variables, class �ve the lowest, and class three the
second lowest. Students in class two often had a higher response time than students in
class one, but generally waited less long before interacting with the item and their longest
intervals in which they did not interact with the system were generally shorter than those
of students in class one.

What follows is a description of student behavior per class. Class one contained
students who interacted very little with the environment, but spent a reasonable amount
of time on it. A large chunk of this time was often spent without any interaction with
the environment. A small majority of students in this class successfully completed the
item by �nding the correct answer �3�, but they rarely found the correct answer ��2=3�.
Students in class two spent a lot of time on the item and spent the most time away from
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Figure 4.5: Characteristics of students in di�erent classes with regard to value-related
variables.
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Figure 4.6: Distribution of action-related variables for students in di�erent classes.
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Figure 4.7: Distribution of time-related variables for students in di�erent classes.
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Figure 4.8: Distribution of estimated ability for students in di�erent classes.

the digital environment. They interacted with the environment quite a bit, yet not the
most of all classes. Students in class two were most often able to �nd the more di�cult
correct answer ��2=3�. Most students in this class (although fewer than in class three
and four) successfully completed the item. Students in class three spent little time away
from the digital environment, started interacting with the environment very quickly, and
very often successfully completed the item. However, very few of the students in this
class found both correct answers to the item. They were unexceptional in the amount of
(unique) interactions they performed (not very many nor very few), as well as in the time
they spent in the digital environment. Class four contained the students who interacted
the most with the item. Almost all of them completed the item successfully, and some of
them continued to �nd the second answer. They spent a long time on the item, although
notably, they did not spend much of that time away from the environment, nor did they
wait long before interacting with the environment. Furthermore, this class contained the
largest percentages of students to try the speci�c values of interest (�x�, �3�, and ��2=3�)
in the input �eld of the calculation program. Class �ve contained students who interacted
little with the item, spent little time on the item, and of whom most did not succeed on
the item.
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4.3.2 Relationship between mathematical ability and solution strat-
egy

The identi�ed classes (found in Section 4.3.1) di�ered in their mean estimated ability,
which means that more pro�cient students engaged with the item in a di�erent way than
less pro�cient students. The average estimated ability was the lowest for students in
class �ve. The di�erences between the mean estimated ability of students in class �ve
and those of the students in the other classes were statistically signi�cant (p < 0:001,
after Bonferroni adjustments) with large e�ect sizes (d = �0:86 as compared to class
one, d = �1:11 as compared to class two, d = �1:00 as compared to class three, and
d = �1:08 as compared to class four). The mean ability of students in class one was also
signi�cantly lower than that of students in class two (p = 0:014) with a small e�ect size
(d = �0:28). None of the other di�erences in mean estimated ability were statistically
signi�cant. All means and standard deviations of the estimated abilities can be found in
table 4.3, and their distributions are shown in Figure 4.8.

4.4 Discussion

With regard to the �rst research question, we found �ve distinct classes of students based
on their in-assessment behavior. Class one consisted of students who spent quite some
time away from the environment, which for a small majority of the students led to success
on the item, but they rarely found both correct answers. These students may have tried
(unsuccessfully) to solve the item using pen and paper without having seen the expression
resulting from inserting �x� into the computational input �eld. Other reasons for their
time spent away from the environment may have been that they did not know how to
approach solving the item, or that they were simply distracted. We will refer to this class
as absent. The behavior of the students in class two could be consistent with an algebraic
strategy on (and a structural approach to) the item, in which the student takes time away
from the digital environment to work on the problem using pen and paper. We will refer
to this class as algebraic. The de�ning characteristic of students in class three is that they
did not spend time and e�ort on �nding the second correct answer to the question. They
possibly did not want to try to �nd another correct answer, or perhaps did not realize
that it was possible to �nd another correct answer. Their in-assessment behavior showed
elements of trial and error as well as simple reasoning. We will refer to this class as
pragmatic. Students in class four showed behavior consistent with the numerical trial and
error strategy described earlier and may indicate that the students took an operational
approach to solve the item. We will refer to this class as trial and error. Contrary to
expectations, students who were in this class entered the value �x� more often into the
computational input �eld than students in class two (algebraic approach). A possible
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explanation for this is the presence of a button for �x� in the digital interface, which
invites students using a trial and error approach to see what happens when it is used.
Furthermore, not all students who wanted to use an algebraic approach may have realized
it was possible for the program to output an algebraic expression. Students in class �ve
engaged very little with the assessment environment. Possible reasons for this behavior
could be a lack of motivation or that the item was too di�cult for the student. We will
refer to this class as disengaged.

With regard to the second research question, students in the disengaged class (�ve)
had a signi�cantly lower mean estimated ability than students in the other four classes.
This corresponds with their behavior, in the sense that students in this class scored fewer
points and interacted less with the item. It is possible that these students were generally
not very motivated to spend time and e�ort on the assessment, and that their lack of
motivation biased the estimates of their abilities. It is also possible that these students
were indeed less mathematically able than the other students, in which case the item that
was analyzed may have been too di�cult for them. The estimated abilities of students
in the algebraic class (two) and the trial and error class (four) did not di�er signi�cantly
from each other. This is a surprising �nding, because we would expect students who
are capable of using an algebraic approach to be more advanced in their understanding,
hence to have a higher estimated ability. A possible explanation for this could be that
(part of) the students who did not use an algebraic approach were capable of doing so
but opted for a di�erent approach, or that some students who used an algebraic approach
do not really master it yet. The small but statistically signi�cant di�erence between the
estimated abilities of students in the absent class (one) and the algebraic class (two) may
support the earlier stated possibility that students in class one attempted to solve the
item algebraically, but were not able to. Lastly, it is interesting to note that students
in the pragmatic class (three) achieved good scores on the item with relatively minimal
investments in terms of interactions and time. The estimated abilities of these students
did not statistically di�er from those of the students in the algebraic class (two) or those
in the trial and error class (four), which suggests that these students may be displaying
an ability to manage their time and e�ort e�ectively during assessment.

The theory-driven analysis approach in this study has advantages as well as disadvan-
tages. An obvious advantage is that any results can more easily be placed and interpreted
in context, and have greater didactic relevance. A potential pitfall is that it is possible to
miss relevant patterns in the data that were not explicitly searched for. Another disad-
vantage is that theory-driven analyses are not easily generalized to other test items, since
a (partially) new set of variables needs to be developed for the constructs that are rele-
vant to the new item. An analysis such as the one presented in this study is informative
due to the richness of the log data from such a technology-enhanced item, but it is also
very time-consuming. Using sets of items with an identical structure but di�erent values
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can improve the speed and value of the analyses. A limitation of the current study is
that no sequence-based variables or sequence-based methods were used in the analysis.
Sequence-based analysis of student log data can be performed either in a theory-driven
or data-driven manner, and both have o�ered promising results in the �eld of complex
problem-solving.

A valuable direction of further research would be to validate the �ndings of the
current study (the importance of which was highlighted by Goldhammer et al. in 2021)
by �nding out whether the results of the current study generalize, for example to di�erent
items, tests, contexts, and di�erent ages of students. Various strategies could be used to
contribute evidence to the validation, such as using multiple sets of student data on the
same test item, using di�erent clustering methods, or asking teachers to classify students
into groups based on their perceived solution strategy. Other sources of data, such as
think-aloud protocols, may also be considered. Combining di�erent sources of data may
lead to a more complete understanding of student processes. Eye tracking data has been
of particular interest in this area (Maddox et al., 2018; Zhu & Feng, 2015).

4.5 Conclusion

Students take many tests and exams during their school career, but the feedback they
receive about their test performance is usually based only on an analysis of the correctness
of the item responses. With the increase in digital assessment, not only the item responses
but also other data have become available for analysis. The time spent on solving an
item is a well-known example of log data that can be used to enrich feedback, but
is � when used at all � often only taken into account to improve ability estimates
(e.g., Van der Linden et al., 2010). The purpose of this paper was to assess whether
we can use log data in order to extend performance-related feedback with information
related to the applied solution strategy. Speci�cally, we aimed �rst to make didactically
meaningful inferences about students' solution strategies based on their actions in a digital
mathematics assessment and second to investigate whether there is a relationship between
students' mathematical ability and their solution strategy.

We have found that it is possible to distinguish several classes of student behavior
that seem to correspond with the use of di�erent solution strategies. Furthermore, we
were able to identify seemingly disengaged and absent classes of students, which is a
useful �nding, since such students in particular may be in need of further instruction
or other didactic intervention. Identifying these students, as well as groups of students
who seem to adhere to a speci�c solution strategy may, on an individual student level,
provide a basis for feedback and further instruction by their teacher. The ability to detect
such strategies in real time would open the door to providing instantaneous automated
feedback on this aspect during formative assessment in online learning systems. At the
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level of a class or a teacher, the classi�cation of students into these groups may be used
to inform teaching. However, feedback about the application of an operational (viewing
a mathematical concept as a process with input and output) versus structural (viewing
a mathematical concept as an object with its own properties) solution strategy (Sfard,
1991) is only useful if the information is understood by both students and teachers and
the importance of this perspective is acknowledged.

Log data can also reveal points of improvement in the design of the item or the test.
Through studying the log data for the item Product Equation, it became apparent that
very few students found both correct answers. For some students, it may have been
the case that they did not realize the question had several possible correct answers. For
others, the reason may have been that the item asks them �which number� (singular) as
opposed to �which number(s)� (potential plural). Such design choices can in�uence the
behavior of students and thus the log data they leave behind, and log data can in turn
help identify improvements to the item design.

In order to be able to provide students and teachers with meaningful information on
the applied solution strategy based on log data it is necessary to follow a holistic approach,
taking into consideration various aspects related to item construction, assessment plat-
form, data storage, and analysis. Item developers and content experts need to think about
which response behavior they wish to elicit from students, and how this behavior should
be recorded in the assessment environment. From the item developers, this requires a
theoretical understanding of didactic and practical knowledge of the possibilities of digital
items and assessment platforms. IT architects have to consider which log data should
be stored and how they should be stored. It can often be very cumbersome and time-
consuming to extract data from assessment platforms into formats that are feasible for
analysis. Research on which log data to store in what format is important and strides are
currently being made in this area (e.g., Kröhne & Goldhammer, 2018). Most important,
however, is a combined and interdisciplinary e�ort to fully bene�t from the log data and
what it can reveal about student learning processes.

4.6 Appendix 1: example of R code used for analysis

library(depmixS4)

# nss: number of estimated classes
# vars: data.frame with variable information
# model_types: list of variable distributions

bootstrapBIC <- function(nss = c(1:10),
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nBootstrap = 100,
data = data,
samplesize = nrow(data),
vars = vars,
model_types = model_types) {

res <- matrix(NA, nrow = nBootstrap, ncol = length(nss))
colnames(res) <- nss

for (i in 1:nBootstrap) {

sampleData <- data[sample(x = nrow(data),
size = samplesize,
replace = TRUE), ]

for (ns in seq_along(nss)) {

mod <- mix(sapply(paste(vars$varname, " ~ 1"), formula),
data = sampleData,
ns = nss[ns],
family = model_types[match(vars$vartype,

names(model_types))])

fm <- fit(mod)
res[i, ns] <- BIC(fm)

}
}

return(res)
}

bsmod <- bootstrapBIC()

mod <- mix(sapply(paste(vars$varname, " ~ 1"), formula),
data = data, ns = 5,
family = model_types[match(vars$vartype, names(model_types))])

fm <- multistart(mod, nstart = 100, initIters = 100)
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What do teachers think of scoring assistance? Teacher
experience, speed, and accuracy in NLP-assisted scoring
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NLP-assisted scoring.

Abstract
NLP-based scoring assistance has the potential to aid teachers by improving
their scoring speed and accuracy and may increase measurement validity by
allowing for the inclusion of more open-ended questions in tests. This study
investigates teacher experience, speed and accuracy of such assistance using
a prototype (CheckMate). The prototype's scoring interface uses a similarity-
based approach in order to compute score suggestions, highlight important
words, and visually cluster similar student answers together. Results of a the-
matic analysis indicated that teachers appreciate NLP-assisted scoring and be-
lieve using the scoring environment would save them time, but also worry about
potential harmful in�uence that may result from displaying score suggestions.
Quantitative measures derived from the prototype's log data were used to sup-
port the qualitative results. The insights from this study can be used to inform
further studies and the development of applications for scoring assistance.
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5.1 Introduction

Many teachers �nd grading a monotonous and tedious task (Kumar et al., 2017). The
scoring of open-ended test questions is experienced as especially time-consuming as well
as di�cult to carry out in a fair and consistent manner (Brennan, 2023). Despite these
obvious disadvantages of open-ended questions, there are valid reasons to include them in
tests. Open-ended questions, for instance, take less time to construct than closed format
questions (Bacon, 2003; Norman et al., 1991; Rademakers et al., 2005), are not subject
to guessing and cueing e�ects (Eggen & Sanders, 1993), and fewer of them are needed
to make a reliable test (Rademakers et al., 2005). Perhaps most importantly, it has been
argued that closed format question types cannot assess constructs as broadly as open
format question types (e.g., Claire Wyatt-Smith, 2009), and that open format question
types can sometimes provide more direct measures of the construct of interest (American
Educational Research Association et al., 2014).

Ultimately, in order to protect the validity of the measurement, the choice of item type
should be dictated by the content and skills to be measured (Brennan, 2023, pg. 318), and
not by convenience factors such as the time it takes to score the answers. As such, it is
valuable to develop methods that can negate the disadvantages that come with using open-
ended test questions. Both teachers and students stand to gain from the development of
solutions that promote fair and consistent evaluations of open-ended questions, resulting
in a more accurate appraisal of the student's knowledge and abilities and reducing the
likelihood of students being disadvantaged by human errors, biases, or lapses in attention.

The ability to automatically and reliably assess student answers is an obvious way
to provide potential support to teachers who administer open-ended test questions, as
well as to increase scoring consistency and to cut costs (Flor & Cahill, 2025). The body
of literature into the automated scoring of open-ended test questions is rich and has
been growing for decades. There are various types of open-ended questions, such as �ll-
in and completion questions, short-answer questions, long-answer questions, and essay
or argumentative questions. Scienti�c literature distinguishes between questions that
primarily need to be judged based on writing quality and those that require an assessment
of writing content (e.g. Burrows et al., 2015; Madnani et al., 2017). Evaluating writing
quality focuses on form, such as spelling, grammar, sentence structure, or argumentation.
Grading the content, on the other hand, involves an evaluation of what the student knows,
has learned, or can do within a speci�c subject matter.

The automatic evaluation of open-ended question answers requires a di�erent ap-
proach for these two di�erent forms of open-ended answers (relevance of content or
writing quality). This is largely because grading writing quality can use a generic scoring
model for each language of interest, while grading content is context-speci�c and thus
requires a more specialized scoring model (Madnani et al., 2017). This could be why
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literature on automatically grading essays is relatively older and more advanced. The
earliest occurrence appeared in the 1960s and concerned a program called Project Essay
Grade, designed to score essays of students on the mainframe computers available at that
time (Page, 1966). When Valenti et al. published a summary of the literature in this �eld
in 2003, many di�erent automatic grading systems like Intelligent Essay Assessor (IEA),
and C-Rater already existed and research in this area continues to this day (Ramesh &
Sanampudi, 2022).

Research into scoring assistance for the content of open-ended questions started
around the turn of the century and has seen explosive growth in recent years. Much of
this work focuses on the automatic grading of short open-ended answers (also referred to
as automatic short answer scoring, automatic short answer grading (ASAG), or automatic
short answer marking) in contrast to longer student answers such as summaries. Most
studies within the ASAG �eld have focused on developing methods that can accurately
predict the correct score for a student's answer. Burrows et al. (2015) describe a general
trend in these studies moving from rule-based methods to machine learning methods. The
currently dominating approach to the automated scoring of short open-ended questions
uses large neural network models (Flor & Cahill, 2025). However, the performance of
these scoring models is very dependent on the availability of resources available for the
target language, as well as the amount and quality of scored student answers available for
the model to be trained on (Flor & Cahill, 2025).

Although research on automated scoring shows great potential and utility, there are
several related areas in the �eld of scoring assistance that still require more attention,
such as the validity of automated scores. For example, Flor and Cahill (2025) indicate
that automated scoring models often unintentionally use super�cial signals for scoring,
Bejar (2017) highlight possible vulnerabilities that scoring engines can have to construct-
irrelevant response strategies, and Ding et al. (2020) show that automated scoring systems
can be susceptible to awarding points to adversarial (e.g. nonsensical or unexpected)
student answers.

Alternative forms of scoring assistance without automated evaluation have also been
developed, with a prominent example being the grouping similar answers using clustering
algorithms (e.g. Andersen et al., 2023; Weegar & Idestam-Almquist, 2024). One very
relevant recent study by Weegar and Idestam-Almquist (2024) concluded that a combi-
nation of clustering and automated scoring of student answers reduced the workload of
teachers by 64% to 74%. Earlier studies on the topic of clustering student answers also
suggested that such a cluster-based grading method can reduce teacher workload (Basu
et al., 2013), and that teachers preferred cluster-based grading (Brooks et al., 2014).

Since its introduction to a more general audience, a new category of scienti�c work
which uses generative AI in order to i.e. score student answers or to give feedback
to students using prompts has arisen (e.g. Henkel et al., 2024; Korthals et al., 2025),
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with promising results. The popularization of generative AI has also caused an in�ux of
commercial scoring tools, sometimes stand-alone and sometimes integrated with existing
testing or learning platforms.

Some existing user-based research suggests that these tools can add practical value,
for example by making it possible to scale up the number of students without needing more
teachers, shortening the amount of time between assignment submission and receipt of a
grade and feedback, and reducing subjectivity in grading (Hahn et al., 2021). However,
there are also signi�cant drawbacks, such as the discouragement of creative and innovative
student answers and the possibility that it may incentivize students to learn the answer
rather than the subject matter. In a few other related user-based studies, methods were
explored to make the use of AI in automatically scoring short answers comprehensible
(Schlippe et al., 2023) and to research the impact of automatically scoring short answers
on the student's learning process and the relationship between the teacher and the student
(Siddiqi, 2013).

However, there is as of yet little empirical research into teacher satisfaction and
interaction with systems that provide scoring assistance (Del Gobbo et al., 2023), also
owing to the fact that the implementation of such systems is rather recent (Ouahrani &
Bennouar, 2024). Although scoring assistance has widely acknowledged potential, it is
vital that more research is done into the teacher experience of using such systems, since
there are also possible pitfalls that should be avoided in their design. For example, some
forms of scoring assistance might overlook a teacher's need for agency and the potential
bene�ts of participating in the scoring process, such as gaining insight into students'
knowledge gaps.

This study o�ers a detailed investigation of teacher experiences with a prototype of
a system designed to help them score open-ended test questions in Dutch secondary ed-
ucation. Along with a user-friendly interface for horizontal and anonymous scoring, the
prototype contains three added NLP-based functionalities for scoring assistance: score
suggestions for unscored answers, the clustering of similar student answers, and the high-
lighting of important words in the scoring model. The analyses in this study are predom-
inantly qualitative and will be supported with quantitative measures when possible.

We aim to study the following research questions:

1. How do teachers experience NLP-assisted scoring?

2. How does NLP assistance impact teachers' scoring accuracy?

3. How does NLP assistance impact teachers' scoring speed?
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5.2 Methodology

We study the aforementioned research questions with the use of a prototype of a web
application for NLP-assisted scoring, named CheckMate. CheckMate was designed and
developed by CitoLab (the research and innovation department of Cito Foundation in the
Netherlands), in hopes of developing and researching methods to support teachers in the
scoring of open-ended test questions. The main goals of the prototype were to reduce
the time teachers spend on scoring open-ended test questions, as well as to increase the
consistency of their scoring. The developed prototype was then used to answer the posed
research questions using both qualitative methods (semi-structured interviews analyzed
using thematic analysis) and quantitative methods (log data analysis of teachers' actions
in the scoring environment).

Before development, preliminary research was conducted among teachers in secondary
education. This was done to gauge whether there was a need for the development of a
prototype in this �eld, and if so, to collect the requirements for such a solution. The
preliminary research consisted of interviews with two teachers as well as a short national
survey of teachers in the Netherlands via the TeacherTapp app. The interviews included a
wide range of questions concerning the teachers' practices around testing and scoring, and
were purposefully conducted in a �exible, conversational manner to ensure that topics that
were of importance to the teachers got the attention that they deserved. In the national
survey, three questions were asked about their perceived burden of scoring tests in the
classroom, what types of tests they generally use and what scoring methods they employ.
The translated questions and survey results are included in the appendix.

Through the interviews and the national survey, we uncovered that there was a lot of
need among teachers: almost all teachers experience a very high workload, and scoring
takes them more time than they would like. It was determined that a scoring solution
should have a low threshold for use, that the solution should learn from the input that the
teacher gives it, and that ownership of the given scores should remain with the teacher. It
was decided to develop a prototype that focuses on short open-ended questions consisting
of written text ranging from one word to a few sentences.

CheckMate consisted of a scoring interface and a simple reporting interface. The
scoring interface is displayed and explained in Figure 5.1, and used techniques from the
�eld of natural language processing (NLP) in order to compute semantic similarity be-
tween di�erent student answers and the scoring model. These similarities were used to
compute score suggestions, highlight important words, and to visually cluster similar stu-
dent answers together. The prototype also included an alternative interface for scoring
without these added NLP-based functionalities. This alternative interface was used as a
digital control condition. The current study will be used to inform further studies and
development of the prototype.
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Figure 5.1: CheckMate's scoring environment with added functionalities using techniques
from NLP: 1) highlighting of important words, 2) clustering of similar student answers,
and 3) score suggestions with explanations.
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5.2.1 Development of CheckMate

During the course of two three-week periods, many versions of a prototype were designed,
built and user tested for intuitiveness, relevance, and usability. Tests of the intuitiveness
of the environment were conducted with �ve non-teacher participants, and more elaborate
user tests and interviews for testing relevance and usability of the solution were undertaken
with �ve teachers in secondary education. As a result of the user tests and interviews,
functionalities were improved upon or removed altogether. What remained after this iter-
ative process was a version of the prototype that had three main functionalities: clustering
semantically similar student answers, giving score suggestions for answers that have not
yet been scored, and highlighting important words in the student answers and scoring
models. A similarity-based approach (e.g. Bexte et al., 2023; Horbach & Zesch, 2019)
was chosen because it can give the teachers insight into how the score suggestions were
generated (Suen et al., 2023), and because this method does not need an item-speci�c
model trained on many human-annotated training examples and can thus be more readily
used in a classroom context (Attali et al., 2022).

5.2.1.1 Text similarity

At the heart of the clustering and score suggestion functionalities in CheckMate is semantic
similarity between each of the known student answers in the system, and between the
student answers and the de�ned scoring model. In order for these similarities to be
estimated, the texts should be cleaned (preprocessed) and a numeric representation of
their meaning should be computed. All of the necessary steps were performed in Python
using the spaCy library (Honnibal et al., 2020). First, the student answers are split into
shorter segments which are often words (tokenizing), and reduced to the simplest form of
the word (normalizing and lemmatizing). Then stop words and punctuation are removed
and only verbs and (proper) nouns are retained, since we considered them to contain the
important information for assessing the correctness of a student answer. For example, a
cleaned version of the sentence �We are going to the mall.� could be {we, be, go, mall}.

The cleaned student answers and scoring models now consist of a set of tokens that
can be looked up in spaCy's pretrained open source language model nl_core_news_lg.
It is assumed that words that often coexist in the same contexts have a similar meaning
or connotation. This is known as the distributional hypothesis (Flor & Hao, 2021), and
is based on the concept of a distributional structure of language, introduced by Harris
(1954). The language model contains a dictionary of words in the Dutch language along
with a vector of 300 numerical values for each of the words (word embeddings). These
vectors represent the meaning of the word in a 300-dimensional space, and words that are
near each other in this space coexist more often in Dutch news media than words that are
numerically further away from each other. An approximation of the meaning of a student
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answer or scoring model is calculated by taking the elementwise average of the vectors
for the tokens in the student answer.

To compute the similarities between two student answers, we use the cosine similarity
measure, which is the cosine of the angle between the two vectors. Cosine similarity
values range between �1 and 1, where semantic vectors with opposite meanings (such as
the vectors for antonyms such as `hot' and `cold') have values close to �1, and semantic
vectors with very similar meanings (such as the vectors for `good' and `great') have values
close to 1. Vectors for words or phrases that are completely unrelated (e.g. `frog' and
`co�ee') have values close to 0. Similar student answers are expected to have similar
semantic vectors, leading them to have high cosine similarity values. This approach to
computing similarity between texts has been applied by several other studies in the �eld
of automated scoring (e.g. Putnikovic & Jovanovic, 2023). For student answers u and u0,
the cosine similarity is:

sim(u; u 0) = cos(�) =
r u � r u 0

jjr u jj � jjr u 0jj
=

X

i

r ui � r u 0ip P
i r 2

ui �
p P

i r 2
u 0i

; (5.1)

where rui is the score for student answer u on language dimension i.

5.2.1.2 Clustering of student answers

It is a reasonable assumption that semantically identical student answers should be scored
identically. In CheckMate, answers that were similar to each other were clustered together
into groups (see Figure 5.1). We hypothesized that this functionality might save teachers
time and cognitive load by not having to consider similar answers for evaluation several
times, and that it could contribute to scoring objectivity by decreasing the chance of
inconsistencies in scoring. This hypothesis was strengthened by the decrease in time spent
on scoring that was found by both Weegar and Idestam-Almquist (2024) and Basu et al.
(2013) after the implementation of student answer clustering. Furthermore, a follow-up
study by Brooks et al. (2014) concluded that teachers preferred a cluster-based scoring
method.

Student answers were clustered using the DBSCAN algorithm (Ester et al., 1996) in
the DBSCAN Python library. This algorithm requires the user to specify two parameters
in advance: the maximum distance allowed between answers before they are no longer
considered close enough to each other to be in a cluster together (epsilon), and the
minimum number of similar answers required to form a cluster. After preliminary user
tests and some empirical tests on existing data (scored student answers from when the
test questions in this study were administered in earlier years), the value of epsilon was
set to 0:5 and the minimum number of answers in a cluster was set to 2. The same
parameters were used for all items.

86



NLP-assisted Scoring

5

5.2.1.3 Estimation of score suggestions

Another functionality that was integrated into CheckMate was the display of score sugges-
tions for unscored answers (see Figure 5.1). These suggestions gave teachers an indication
of whether the algorithm estimated a student answer to be correct or incorrect, as well as
the certainty of the estimation. The suggestions were based on the semantic similarity of
the student's answer to other previously scored answers, which could be viewed by click-
ing the score suggestion. We hypothesized that displaying these score suggestions would
make scoring faster and more consistent, validating a teacher's judgment if in agreement
with the score suggestion, and triggering reconsideration of the score if not.

In order to estimate a score suggestion for a student answer, the algorithm used the
�ve most similar student answers that were scored by other teachers, and the �ve most
similar student answers scored by the teacher that is currently scoring (but only if the
similarity exceeded 0:5). A score suggestion was computed as the sum of the similarity
scores multiplied by the score (1 for correct, �1 for incorrect), divided by the number
of answers that were used to compute the score. The �nal score suggestion was the
mean of the score suggestion based on answers scored by other teachers and the score
suggestion based on the current teacher. The teacher's own scoring input was taken into
account as much as the input of all the other teachers combined in order to make sure
that the teacher experienced personal in�uence during scoring. If the estimated score was
lower than �0:1, we suggested to score the answer as incorrect (red indication). If the
estimated score was higher than 0:1, we suggested to score the answer as correct (green
indication). The certainty of the score suggestion was determined by the deviation from
0 and visualized through the darkness of the color in the interface (darker being more
certain). Estimated scores between �0:1 and 0:1 were not displayed in the interface,
due to very low certainty. Although it was not necessarily the purpose of this study and
this version of the prototype to optimize for prediction performance, the algorithm was
improved upon enough to plausibly ensure face validity for the teachers.

5.2.1.4 Highlighting of important words

Lastly, CheckMate highlighted words that were of particular importance (according to the
authors) in the scoring models and student answers (see Figure 5.1). We hypothesized
that these highlights would make it easier to scan the student answers for correctness.
Del Gobbo et al. (2023) also suggested implementing such a functionality for a di�erent
reason: to provide explanations to teachers as to how answers are scored.

In order to highlight important words in the scoring model as well as words that are
related to them, we used the same Dutch language model to �nd the 200 closest word
tokens in the 300-dimensional space for each important word in the scoring model. These
200 tokens were highlighted if and when they occurred in the students' answers.
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Figure 5.2: The online student test environment.

5.2.2 Data collection

Seven biology teachers in the upper grades of pre-vocational secondary education in the
Netherlands participated in scoring sessions and interviews for this study. Four of these
teachers along with their own classes of students (91 students in total) were randomly
assigned to the experimental condition, the other three teachers with their combined 43
students were assigned to the control condition.

For each of the teachers participating in the study, a class of their students took a
biology test in the prototype CheckMate consisting of eight open-ended test questions.
The length of the answer required for the questions varied between one word and a couple
of sentences. The students logged into an online test environment on their own device,
in their preferred browser using an identi�cation known to the teacher but not to the
researchers as well as a four-letter group code provided by their teacher. A screenshot
of the online environment is shown in Figure 5.2. The students were told that they were
about to take a biology test and that taking it seriously would serve as good practice for
their exams. They were also informed that their answers and scores would be anonymous,
and that there would be no personal consequences based on their performance.
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Afterwards, on a day and time convenient for the teachers, the scoring session and
interview took place. Before the scoring session, each teacher was �rst shown an instruc-
tional video on how to use the scoring interface of CheckMate. The teacher was then
asked to score student answers in a demo version, in order to ensure good understanding
of the interface and its functionalities. When they felt ready to start, the teacher logged
into the scoring environment with their personal group code. Their interactions were
recorded using screen captures, and all mouse clicks were logged with their accompanying
timestamps. In order to preserve the accuracy of the logged time measurements, the
teachers were asked to score the students' answers without discussing their choices with
the observer. All teachers participated on a laptop. Some used a mouse and others a
trackpad, depending on what they usually used.

Afterwards, semi-structured interviews were conducted with all participating teach-
ers. The semi-structured nature of the interviews allows the interviewer to ask follow-up
questions, which o�ers the opportunity to get a closer understanding of the interviewee's
experience (Bloor & Wood, 2006). In the interviews, the teachers were mainly asked
about their general impression of the prototypes, as well as their experiences with the
three included functionalities (clustering, score suggestions and highlighting). Addition-
ally, they were asked to compare their experience of scoring in CheckMate with their
experience of the method or system with which they usually score tests, and whether
they had unanswered needs or suggestions for improvement. A translated version of the
20 interview questions that were formulated ahead of time are included in the appendix
(Section 5.7).

The interviews were conducted either digitally via video call or live at the teacher's
school, and ranged in duration between 20 and 45 minutes. Sound and/or video recordings
were made during all the user tests and interviews. All teachers had given explicit consent
for the making of such recordings, and for their use in this study. After the interview,
teachers that were assigned to the control condition were shown the scoring environment
for the experimental condition, and vice versa. They had the opportunity to try the
environment as much as they wished, but were not required to do so. Subsequently, they
were asked hypothetical questions about how they thought they would experience the
other scoring environment (with or without the added NLP-based functionalities).

In order to determine any di�erences in scoring accuracy between the teachers in either
condition, a set of nine representative student answers from students in earlier exam years
(anchor answers) was included per test question in each scoring session. For these student
answers it was known from prior consensus between experts what their true score ought to
be. These anchor answers were added to the participating teachers' scoring environments
in the prototype in such a way that the teachers did not know which answers belonged
to their own students and which were added by the researchers. In total, each teacher
scored an extra 72 student answers on top of their own students' answers (nine answers

89



Chapter 5

for each of the eight test questions).

5.2.3 Data Cleaning

The timestamp of the �rst scoring action (clicking correct or incorrect) was considered
the start of scoring. Time spent on activities other than scoring after this point in time
(such as on asking a question to the observing researcher) was estimated using the screen
captures and audio recordings and subtracted from scoring time. Time that was spent on
reading the test questions, the answer model or the student answers was not �ltered from
the data, as it was not possible to estimate these durations accurately. It is assumed that
this time is approximately equal between the two experimental conditions. The scoring
durations ranged between 0:003 seconds and 43:111 seconds, except one duration of 70:07
seconds which we considered an outlier and thus removed. After removal of this outlier,
504 scoring duration values remained for the anchor answers.

5.2.4 Analysis

In order to explore how teachers experienced scoring using the developed prototype, the
conducted interviews were transcribed and subsequently coded and analyzed using At-
las.ti version 24.1.0. (ATLAS.ti Scienti�c Software Development GmbH, 2024). Through
open, axial, and selective coding, various overarching themes and relevant concepts were
identi�ed, which served as the basis for the coding protocol as shown in the appendix
(Section 5.8). The coding protocol was developed by one coder, and discussed with and
approved by a second coder. Patterns were derived from the interview data using the-
matic analysis (Terry et al., 2017). Both inductive and deductive approaches were used:
some themes derived from interview questions, others from teachers' contributions. All
interviews were coded by these same two coders independently, after which the di�ering
codes were discussed until full coding agreement was reached. Co-occurrence analyses
were used to gain insights into what themes were discussed by the teachers when they
spoke about the three added functionalities in CheckMate.

Data on scoring duration and scoring accuracy were derived from the teachers' actions
through the use of log data. Only the scoring actions that teachers took on anchor answers
were used for the analyses on these aspects, in order to increase comparability between
teachers. The means and standard deviations of scoring durations (in seconds) were
compared descriptively between the two conditions. For each condition, we computed the
accuracy of the scores that the participating teachers awarded to the anchor answers (as
compared to the true scores), and compared these between the control and experimental
conditions. We also computed the accuracy of the predicted scores by the algorithm.

Through the qualitative results of the in-depth interviews and the use of supporting
quantitative measures derived from log data, we study the teachers' experiences with
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CheckMate and its added NLP-based functionalities, as well as the teachers' speed and
accuracy of scoring.

5.3 Results

5.3.1 Teacher Experience

Thematic analysis was used to explore how teachers experienced scoring using the de-
veloped prototype. In the end, 53 unique categorical codes in 10 di�erent themes were
applied a total of 771 times to interview segments. The ten themes that were found
were �advantages�, �disadvantages�, �CheckMate's functionalities�, �preconditions�, �daily
teaching practice�, �trust and distrust�, �autonomy�, �suggestions�, �doubt�, and �personal
beliefs�. We explored these themes and their codes, as well as some of their co-occurrence
counts. The occurrence and co-occurrence counts of codes discussed in this section are
shown in Table 5.1. For brevity's sake, only codes that are relevant to the research
questions are discussed. All quotes have been translated from Dutch to English.

In general, the teachers in both the control and experimental conditions had a positive
impression of scoring with the prototype. All teachers indicated that they would �nd the
prototype useful in their scoring practice.

In the seven interviews, there were 125 mentions of advantages to scoring using the
prototype's scoring environment. The teachers mentioned advantages in combination with
the three extra functionalities in the CheckMate experimental condition 60 times. 32 of
these concerned the clustering of student answers, 23 concerned the score suggestions
and �ve concerned the highlighted words. In relation to the clustering of student answers,
teachers most often mentioned saving time (�I appreciate the clustering of student answers,
because you get rid of a large bulk of the answers in one go. I'd say around 50% to 60%.�),
ease of use (�They are already grouped together, so that makes it easier to score them.�)
and consistency (�I have previously scored these answers as correct, so now I have to pay
attention to do the same to those.�). The most often mentioned advantage in combination
with the score suggestions was ease of use, often in relation to being able to see scores
that other teachers gave to related answers (�[...] convenient to see the colored dot, and
what other teachers have scored.�). The most often mentioned advantage in combination
with the highlighted words was the clarity of the interface (�They help me by steering the
movement of my eyes on the screen.�). The other 65 mentions of advantages of scoring
with the prototype were not in combination with speci�c functionalities, indicating that
the scoring interface without added functionalities also held important advantages to the
teachers. Teachers most appreciated the interface's ease of use (16 mentions) and clarity
(15 mentions), and often mentioned that scoring using the environment would save them
time (10 mentions). As most teachers used paper-based testing and scoring in their daily
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Table 5.1: Occurrence of codes within themes, and co-occurrence with the three added
functionalities in the CheckMate experimental condition.

Type Description Clustering Highlighting Score suggestions Other
advantage clear interface 1 3 2 15
advantage con�rmation of judgment 0 0 7 0
advantage consistency 6 0 3 0
advantage ease of use 10 0 8 16
advantage legibility 0 1 0 4
advantage objectivity 0 0 1 7
advantage saving time 12 0 2 10
advantage speed 3 1 0 7
advantage student experience 0 0 0 6
disadvantage confusion 0 2 0 1
disadvantage dyslexia 0 0 1 0
disadvantage harmful in�uence 0 3 10 0
disadvantage passive attitude 0 2 5 0
disadvantage subjectivity 0 0 2 0
disadvantage unclear interface 0 1 0 1
disadvantage use of color 0 0 1 1
trust algorithm 2 0 2 1
trust own judgment 0 0 5 2
trust teachers in other schools 0 0 7 2
trust teachers in own school 0 0 5 2
distrust algorithm 0 1 3 1
distrust computers 0 0 0 1
distrust content 0 0 1 4
distrust own judgment 0 0 0 1
distrust teachers in other schools 0 1 3 4
autonomy control 0 0 5 5
autonomy decision-making authority 0 0 1 3
autonomy independence 0 0 8 1
autonomy in�uence of others 0 0 13 1
autonomy responsibility 1 0 1 5
autonomy seeking knowledge 0 0 2 1
doubt `gray area' answers 1 0 9 6
doubt unsure 0 0 8 0
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practice, using a digital scoring interface saved them time in terms of lea�ng through
student tests (two mentions) and deciphering student handwriting (two mentions).

Disadvantages to scoring with the environment were mentioned 30 times in total, out
of which 27 concerned the three added functionalities. None of the mentioned disadvan-
tages concerned the clustering of student answers, eight concerned the highlighting of
words and the remaining 19 concerned the score suggestions. For both the highlighting
of words and the score suggestions, the most mentioned disadvantage was harmful in�u-
ence (�You quickly get tempted to let yourself be persuaded by the colors.�). Another
commonly mentioned disadvantage of the score suggestions was that they might lead to a
more passive attitude in the teachers (�[...] it could trigger me to become less exact when
I experience high workload.�). The other three mentions of disadvantages of scoring with
the prototype were not in combination with speci�c functionalities.

The participating teachers were also asked about their usual testing and scoring prac-
tices. All teachers indicated that they often or always used paper-based testing and
scoring, with some teachers using digital assessment in speci�c contexts. They used a
combination of horizontal (per question) and vertical (per student) scoring, preferring
horizontal scoring for open-ended and more di�cult questions.

In a large majority of the cases in which teachers spoke about trust or distrust, they
referred to trust in their own judgments or in the judgment of other teachers. It was much
less common for them to speak of trusting or distrusting the scoring algorithm, even when
explicitly prompted by the interviewer. These themes were most often discussed in tandem
with the score suggestions functionality. Stated reasons for distrust in other teachers were
scoring biases that may arise from a system in which the evaluation of teachers is partially
dependent on their students' performance, and a belief that some teachers do not pay
enough attention while scoring their students' tests. The quali�cations that are needed
to become a teacher were a stated reason for trust in other teachers. The teachers spoke
about distrusting the algorithm when they were certain of their own judgment and the
score suggestion indicated the opposite score, whereas in most other cases they displayed
a default level of trust in the algorithm on the basis of expertise (�[...] it has been
researched.�).

Topics within the theme of autonomy were mentioned 30 times when discussing the
score suggestions functionality, one time when discussing the clustering functionality, and
16 times outside of discussions on the three functionalities. The teachers valued the
opportunity to look at the input of other teachers greatly, which is illustrated by the 13
mentions that were related to the in�uence of others when talking about score suggestions
(�What I really like is that I can see what other teachers would do.�). On the other hand,
they also spoke often about the importance of maintaining independence (�Sometimes I
thought: hey, it shows a green dot, but no, this really is incorrect in my opinion, or too
vague of an answer.�) and exerting control (�I am not going to look at it, and will stick
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to my own opinion.�). A similar pattern existed around the theme of doubt. This theme
was also most often discussed when talking about the score suggestions (17 mentions),
one time when talking about the clustering functionality, and six times outside of the
three functionalities. Teachers were especially interested in the score suggestions and the
scores that other teachers gave when coming across `gray area' student answers: student
answers that they were in doubt about and might usually discuss with a colleague. For
example, one teacher said �Sometimes you are in doubt about a student answer, and then
you can look at what others did with such an answer. [...] Then you can learn from each
other, and take the knowledge into account in order to score more objectively.�. On the
other hand the score suggestions functionality was also the only context in which teachers
expressed being unsure about their own opinion (�Now that I think about it, I'm not sure
whether I would like to see the dots.�).

Some of the participating teachers spoke of necessary preconditions for implementing a
system such as the developed prototype. These centered around IT, content and logistics
(two, four, and two mentions, respectively). Mentioned were the need for students to
be digitally skilled, an intuitive interface, access to computers at school at the right
moments, a proctoring functionality, being able to easily upload their own tests, as well
as a functionality to give their students feedback. The latter precondition was also often
mentioned as a suggestion for further development (seven mentions). 19 suggestions
concerned changes to the user interface, 18 concerned additional functionalities, and 14
concerned various other topics (such as partial scoring, or ignoring capitalization when
stacking identical student answers).

5.3.2 Scoring accuracy

The overall accuracy of the shown predicted scores was 0:82 (n = 262). The overall
accuracy of the scores given by teachers was 0:91 (n = 207) in the control condition
and 0:85 (n = 299) in the experimental condition. The accuracy per test question can
be seen in Table 5.2. They were consistently high (accuracy >= 0:85) for teachers in
the control condition. For many test questions, the accuracy of the scores was similar
between the experimental conditions. The notable exception is question number seven,
for which the accuracy of teachers in the experimental condition was considerably lower
(accuracy = 0:56). The accuracy of the predicted scores for students answers on this
test question was even lower (accuracy = 0:38), owing to the longer length and more
variable phrasing of its longer student answers and scoring model, for which the algorithm
used is generally less accurate.
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Table 5.2: Accuracy of scores given by teachers in the control condition (acccontrol ),
accuracy of scores given by teachers in the experimental condition (accexperimental ), and
accuracy of predicted scores (accpredicted ), along with their corresponding numbers of
student answers (n).

Test question acccontrol n accexperimental n accpredicted n
#1 1:00 18 0:85 46 0:93 46
#2 0:88 26 0:89 38 0:80 30
#3 0:89 27 0:89 37 0:71 31
#4 1:00 27 1:00 36 1:00 35
#5 0:93 27 0:89 37 0:86 29
#6 0:87 31 0:89 36 0:81 36
#7 0:85 27 0:56 36 0:38 29
#8 0:88 24 0:79 33 0:96 26

5.3.3 Scoring Duration

Teachers in the control condition spent an average of 4:4 seconds on scoring one of the
anchor answers (SD = 8:0, n = 206). Teachers in the experimental condition spent an
average of 4:1 seconds per anchor answer (SD = 4:4, n = 298).

5.4 Discussion

This study o�ered insights into the behavior and wishes of biology teachers in secondary
education with regards to scoring assistance. The quantitative results in this study should
be interpreted with care due to the small-scale nature and between-teacher design of this
study. They are used as supportive or countering evidence for the qualitative results.
Furthermore, because we tested the interface of a scoring prototype as a whole, it is
impossible for us to draw conclusions about the e�ects of speci�c functionalities on the
speed and accuracy of scoring.

The results of the qualitative analysis suggest that teachers can save considerable
time compared to their usual scoring method by using the provided scoring environment
in both the control and experimental condition. Teachers were generally positive about
the added functionalities in the experimental condition and believed these would save
them time. The quantitative results suggest that there is little di�erence in scoring speed
between the two conditions. There was, however, more variance in scoring speed in the
control condition. This may indicate that teachers who are uncertain about how to score
an answer might work faster with NLP-assisted scoring.

The clustering of similar student answers was unanimously positively received. The
teachers felt that it would save them time, that it made the environment easy to use, and
that it would increase the consistency of their scoring. They spoke very little about the
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highlighting of words in the scoring model and student answers, even when prompted, and
the ones that did so had di�ering opinions about the functionality. For example, some
teachers felt that the highlights made the interface confusing, others felt it improved the
clarity of the interface. It is possible that this functionality would have been more useful if
the important words had been determined by a content expert as opposed to the authors
of this study, or if a highlighting functionality had been implemented di�erently. The
teachers had mixed feelings with regards to the implemented score suggestions. On the
one hand, they appreciated getting access to information about what score other teachers
might have given to a similar student answer, and felt that they made the interface easy
to use. On the other hand, most teachers also had scruples concerning harmful in�uence
of the scoring algorithm or changes in teachers' scoring attitudes. The quantitative data
also suggest that teachers were in�uenced by the score suggestions. Table 5.2 shows that
the scoring accuracy of teachers in the experimental condition on test question number
seven was considerably lower than the scoring accuracy of teachers in the control condition
on that same question. Since this is the question for which the scoring algorithm o�ered
very inaccurate predicted scores, it is plausible that the teachers in this condition were
negatively in�uenced by being exposed to these scores. This should serve as con�rmation
to parties developing automated scoring algorithms that the scoring accuracy of automated
scoring solutions truly matters.

The results of the co-occurrence analysis showed that teachers often mentioned topics
in the theme of autonomy when they spoke about the score suggestions, unlike when they
spoke about the other implemented functionalities. They spoke most often about the
(mostly positive) in�uence that the opinions of other teachers could have on the outcome
of their scoring, and about exerting independence and control during scoring. The co-
occurrence analysis also showed that teachers often spoke about the score suggestions in
combination with `gray area' student answers: answers for which it was not very clear
to them which score should be given. A �nal theme that was often touched upon when
speaking about the score suggestions was the theme of trust and distrust. Generally,
teachers spoke of trusting the judgment of other teachers (both within and outside of
their own school), as well as their own judgment. In some cases, but much less often and
only when prompted, they spoke of trusting or distrusting the scoring algorithm. Some
teachers spoke of distrusting the judgment of teachers from other schools.

The �ndings show us that the need for autonomy is strongly contextual and dynamic.
At certain moments, such as when they were unsure what score to give to a student
answer, teachers allowed themselves to be in�uenced by the score suggestions. At other
moments, the teachers did not wish to be in�uenced, for example when they were strongly
convinced of their own judgment or when they had given speci�c instructions to their own
students. Clearly the teachers were often consciously in�uenced during scoring, but this
process may also happen unconsciously � for better or worse, depending on the quality
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of the o�ered scoring assistance. In any case, it is clear that there is a need for teachers
to retain the possibility to take their own decisions around the scores of their students.

The interviews in this study also contained other valuable information outside of the
scope of the current research questions. For example, we learned that the interface was
not suitable for persons with color blindness in its current form, and that there is a need
for good functionalities around giving feedback to students and reporting student results.

The most prominent limitations of this study are its small number of participants and
between-teacher design, leading to stringent restrictions in drawing conclusions, especially
in terms of the quantitative aspects of this study. Although the results of this study can
be used to indicate further directions for research and iterative development, a large-scale
study is needed to properly evaluate teacher speed and accuracy in such a system for NLP-
assisted scoring. A within-teacher design would enable us to control for the baseline speed
and accuracy of the participating teachers if the sampled groups were not large enough
to assume that the means of these characteristics are equal, as well as for other possible
contributing factors such as teachers' number of years of work experience. Another factor
that was not controlled for in this study is the hardware that teachers used to click while
scoring (trackpad versus mouse). Lastly, there was no paper-based scoring condition in
this study, although this was by far the most commonly used method in the daily teaching
practice of all participating teachers. The quantitative indicators of speed in this study
were only compared to a digital control condition, which the teachers verbally indicated
to be much faster than their usual paper-based practice.

Other more minor limitations were a bug in the prototype (the highlighting of words
did not work appropriately for one of the teachers), that one teacher accidentally started
in the experimental condition (which was quickly corrected), and a lag in the scoring for
one class with a particularly large amount of students. This lag caused the teacher to be
slightly confused and to talk to the researcher. The conversation between the researcher
and the teacher was �ltered out of the scoring duration data, but it is possible that
not all of the delay caused by the confusion was accounted for. These anomalies were
all investigated, and it was judged that they likely had little impact on the results and
conclusions of the study.

The results of this study will be used to inform our choices in future research and
development on CheckMate. Furthermore, although the techniques used in the prototype
to provide NLP-assisted scoring were good enough to be plausible to the teachers in this
study, there are many possible improvements and extensions that can and should be made
before it can be feasibly used at a larger scale. For example, we have since the execution
of this study added a contextual spell-checker and support for partial credit items, and we
now use sentence embeddings instead of word embeddings. Furthermore, we continue to
do user-based research on interface and functionality requirements and plan to implement
and test at a larger scale in the future.
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This study represented a small step towards implementation of NLP-assisted scoring
for open-ended test questions. If done well, we are con�dent that such scoring assistance
can remove barriers for including open-ended questions in tests by alleviating some of the
burden that teachers around the world face while scoring, and that it can contribute to
the fair, valid and consistent assessment of students.

5.5 Appendix 1: items

Figure 5.3: Item #1. Translation: Corn. A corn plant has male and female �owers. The
male �owers are located in a panicle at the top of the plant. The female �owers are located
halfway up the plant. A corn plant has wind-pollinated �owers. The image shows �ower
characteristics that can help you determine this. Name one of these characteristics.

98




	Contents
	1 Introduction
	1.1 AI in education
	1.2 Included studies
	1.3 Prototypes: CheckMate & Biologie+
	1.4 Final note

	2 Personalized and automated feedback in summative assessment using recommender systems
	2.1 Introduction
	2.2 Methods
	2.3 Results
	2.4 Conclusion
	2.5 Discussion
	2.6 Appendix 1: script for producing recommendations
	2.7 Appendix 2: script for evaluating recommendations

	3 Using a cognitive diagnostic modeling based recommender system for providing practice tests: effects on learning gain and student experience
	3.1 Introduction
	3.2 Theoretical performance of CDM-recommender
	3.3 Experimental study: the effects of the CDM-recommender in practice
	3.4 Discussion

	4 Identifying students' solution strategies in digital mathematics assessment using log data
	4.1 Introduction
	4.2 Methods
	4.3 Results
	4.4 Discussion
	4.5 Conclusion
	4.6 Appendix 1: example of R code used for analysis

	5 What do teachers think of scoring assistance? Teacher experience, speed, and accuracy in NLP-assisted scoring
	5.1 Introduction
	5.2 Methodology
	5.3 Results
	5.4 Discussion
	5.5 Appendix 1: items
	5.6 Appendix 2: TeacherTapp survey
	5.7 Appendix 3: interview questions
	5.8 Appendix 4: coding protocol

	6 Discussion
	6.1 Main findings
	6.2 Strengths and limitations
	6.3 Advice for educational researchers and developers
	6.4 Advice for educational practitioners
	6.5 Conclusion

	Summary
	Samenvatting
	Dankwoord
	References

