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Nederlandstalige Samenvatting

Digitale leerplatformen zijn een integraal onderdeel geworden van het moderne on-
derwijs en genereren uitgebreide data over hoe studenten omgaan met leermateri-
aal. Learning analytics benut deze data om inzichten te verkrijgen in de voortgang
en het gedrag van studenten, met als uiteindelijk doel het verbeteren van leerre-
sultaten. Belangrijke toepassingen zijn het voorspellen van studieresultaten voor
vroegtijdige waarschuwingssystemen en het aanbevelen van passende oefeningen,
waarbij nauwkeurige inschatting van de moeilijkheidsgraad van vragen (question
difficulty estimation; QDE) essentieel is.

Ondanks vooruitgang in machinaal leren (machine learning; ML) wordt de
toepassing ervan in het onderwijs beperkt door drie aanhoudende uvitdagingen: (1)
het waarborgen van robuuste generalisatie, (2) omgaan met dataschaarste, en (3)
het afstemmen van evaluatiemaatstaven op onderwijsbehoeften. Dit proefschrift
pakt deze uitdagingen aan via vier studies, waarbij gebruik wordt gemaakt van
methoden uit onzekerheidsberekening en natuurlijke taalverwerking (natural lan-
guage processing; NLP) om de robuustheid en relevantie van ML-oplossingen
in het onderwijs te vergroten. Drie van deze studies zijn gepubliceerd in peer-
reviewed wetenschappelijke tijdschriften of internationale conferenties, terwijl de
vierde studie is ingediend voor een conferentie.

De eerste studie onderzoekt hoe onzekerheidsberekening de betrouwbaarheid
van voorspellingsmodellen voor studieprestaties kan verbeteren. De resultaten to-
nen aan dat het identificeren en doorverwijzen van gevallen met hoge onzekerheid
naar menselijke experts de veiligheid en geloofwaardigheid van ML-ondersteunde
besluitvorming in onderwijscontexten versterkt. De tweede studie richt zich op
de hoge data-eisen van QDE en stelt een active learning-benadering voor met een
nieuwe acquisitiefunctie, PowerVariance. Deze methode behaalt goede prestaties
met slechts een fractie van de gelabelde data, wat zorgt voor een meer efficiénte
en toegankelijke inzet van QDE-systemen. De derde studie bekijkt QDE vanuit
het perspectief van ordinale regressie, waarmee de natuurlijke ordening van moei-
lijkheidsniveaus wordt benadrukt. Door de introductie van de OrderedLogitNN-
architectuur en de balanced Discrete Ranked Probability Score (DRPS) worden
zowel de modellering als de evaluatie van QDE-systemen beter onderbouwd, wat
leidt tot effectievere en relevantere methodes. De vierde studie onderzoekt of het
toevoegen van context over eerdere studentenantwoorden generatieve grote taal-
modellen (LLM’s) helpt om studentengedrag beter te simuleren. De resultaten
tonen aan dat hoewel contextuele informatie het model verrijkt, huidige LLM’s
nog steeds moeite hebben om authentieke interacties betrouwbaar te repliceren of
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te genereren, waardoor hun toepasbaarheid in onderwijs beperkt blijft.

Over alle belanghebbenden heen komt een centrale boodschap naar voor: ML
in het onderwijs moet er niet op gericht zijn menselijke expertise te vervangen,
maar deze te versterken door middel van onzekerheidsberekening, transparantie
en efficiéntie. Leraren blijven de uiteindelijke beslissingsnemers, studenten krij-
gen duidelijker inzicht in hun leerproces, schoolbesturen krijgen instrumenten om
middelen verantwoord op te schalen, softwareleveranciers kunnen betrouwbare en
kosteneffectieve systemen ontwikkelen, en beleidsmakers kunnen de resultaten ge-
bruiken in veldstudies voor op bewijs gebaseerde principes voor regulering.

Tot slot draagt dit proefschrift bij aan het overbruggen van de kloof tussen
technische vooruitgang in ML en de praktische vereisten van onderwijssystemen.
De bevindingen pleiten voor een benadering van learning analytics die niet alleen
innovatief is, maar ook verantwoord, efficiént en in lijn met menselijke waarden.



Summary

Digital learning platforms have become an integral part of modern education, pro-
ducing extensive data on how students engage with learning content. Learning
analytics leverages these data traces to gain insights into student progress and
behavior, with the ultimate goal of improving learning outcomes. Key applica-
tions include predicting student performance for early-warning systems and rec-
ommending suitable exercises, which relies heavily on accurate question difficulty
estimation (QDE).

Despite advances in machine learning (ML), its adoption in educational con-
texts is constrained by three persistent challenges: (1) ensuring robust generaliza-
tion, (2) addressing data scarcity, and (3) aligning evaluation metrics with educa-
tional needs. This dissertation tackles these challenges through a series of four
studies, drawing on methods from uncertainty quantification (UQ) and natural lan-
guage processing (NLP) to improve the robustness and relevance of ML solutions
in education. Three of these studies have already been published in peer-reviewed
scientific journals or international conferences, while the fourth study is submitted
to a conference.

The first study investigates how UQ can improve the reliability of student
performance prediction models. It shows that identifying and deferring high-
uncertainty cases to human experts enhances the safety and leads to more appro-
priate trust in ML-assisted decision-making for real-world educational contexts.
The second study addresses the high data demands of QDE by proposing an active
learning approach with a novel acquisition function, PowerVariance. The method
achieves near-fully supervised performance with only a fraction of labeled data,
supporting more resource-efficient and accessible deployment of QDE systems.
The third study frames QDE as an ordinal regression problem, acknowledging the
natural ordering of difficulty levels. By introducing the OrderedLogitNN archi-
tecture and the balanced Discrete Ranked Probability Score (DRPS), it enables
more accurate modeling and establishes principled evaluation practices, resulting
in assessment tools that are both effective and relevant. The fourth study examines
whether contextualizing generative large language models (LLMs) with students’
prior responses can improve their ability to simulate learner behavior. Findings
indicate that while in-context information enriches the setup, current LLMs still
struggle to reliably replicate and generate authentic student interactions, limiting
their suitability for high-stakes assessment scenarios.

Across all stakeholder groups, a central theme emerges: ML in education
should not aim to replace human expertise, but to enhance it through uncertainty-
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awareness, transparency, and efficiency. Teachers remain the ultimate decision-
makers, students gain clearer insights into their learning, school boards gain tools
to scale resources responsibly, software vendors can develop trustworthy and cost-
effective systems, and policy-makers can use the results for pilot studies aiming to
provide evidence-based principles for regulation.

In sum, this dissertation contributes to bridging the gap between technical
advances in ML and the practical requirements of education systems. Its findings
argue for an approach to learning analytics that is not only innovative, but also
responsible, efficient, and aligned with human values.



Introduction

In recent years, digital learning platforms—referred to as Learning Man-
agement Systems (LMS), Intelligent Tutoring Systems (ITS), and Virtual
Learning Environments (VLE)—have become increasingly embedded in
educational practice (Hernandez-Blanco et al., 2019). In parallel, Mas-
sive Open Online Courses (MOOCSs) have gained popularity, offering open-
access, self-paced learning to a global audience via platforms such as Khan
Academy, Duolingo, edX, and Coursera.

The widespread adoption of these platforms has rendered the learning
process more observable than ever before. These systems play a central role
in the information exchange between instructors and students, while also
recording detailed logs of user activity. For instance, they capture when
and how often students access particular resources, whether their responses
to exercises are correct, and how much time they spend reading or watching
instructional material. These “digital traces” left by students offer valuable
insights into how learners interact with educational content.

1.1 Learning Analytics

Learning analytics is the process of measuring, collecting, analyzing, and
reporting data about learners and their learning environments, with the goal
of understanding and improving learning (Long & Siemens, [2011)). Re-
cent advances in machine learning (ML) have enabled the use of students’

1



INTRODUCTION

digital footprints to drive substantial transformations in education, foster-
ing innovative teaching and learning strategies (Markauskaite et al., 2022).
Through automation, learning analytics facilitates the evaluation of learn-
ing activities (e.g., lectures, courses) and assessment materials (e.g., ques-
tions, exams), thereby enabling adaptive and personalized educational ex-
periences at a scale unattainable without computational support (Shum &
Luckin, 2019). For example, intelligent tutoring systems can provide per-
sonalized guidance and automated feedback to learners (Cavalcanti et al.,
2021} Jurenka et al., 20245 Maier & Klotz, 2022). Consequently, educa-
tional institutions are increasingly adopting learning analytics systems, as
ML technologies promise to make education more accessible, scalable, ef-
fective, and tailored to individual learners (Macfadyen, [2022).

Among ML approaches, neural networks (NNs) have been widely
adopted in learning analytics, operating on both structured and unstructured
data (Herndndez-Blanco et al.,2019). Structured data typically include tab-
ular information such as student-question interactions (e.g., response times,
access frequencies) and demographic attributes (e.g., age, gender). In con-
trast, unstructured data often consist of textual information, such as ques-
tion content and students’ written responses.

This dissertation focuses on two central applications within learning an-
alytics: student performance prediction and question difficulty estimation,
which we briefly introduce below.

1.1.1 Student Performance Prediction

A major objective in learning analytics is developing an educational early-
warning system, identifying at-risk students in order to enable timely and
targeted support (Wong & Li, 2020). To this end, a crucial task is stu-
dent performance prediction, i.e., predicting which students are likely to
fail based on common academic outcomes such as student dropout, course
certification, final course grade, pass/fail status, etc. By analyzing student
interaction data, ML models can raise early warnings, triggering timely in-
structor interventions. The early-warning results can be made available to
teachers in dashboards that are easy to work with. Learning analytics dash-
boards provide a means to assess student information and student perfor-
mance predictions, track student progress, and decide which intervention
to perform to offer targeted support for at-risk students, potentially leading
to improved student outcomes (Fernandez Nieto et al.,|2022; Williamson &
Kizilcec, [2022)).
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1.1.2 Question Difficulty Estimation

A central task in learning analytics is guestion difficulty estimation (QDE),
also referred to as question calibration, which aims to estimate a numerical
or categorical value representing the difficulty of a question.

QDE plays a crucial role in question generation tools. When teach-
ers can quickly obtain a reliable difficulty estimate while creating exam
questions, they can adapt the content to achieve the desired challenge level.
With the advent of generative large language models (LL.Ms), educators can
now generate extensive sets of exam questions and efficiently filter those of
suitable difficulty to refine their selection (Taslimipoor et al., [2024). This
capability can significantly reduce the time required for exam design and
preparation.

Accurate difficulty estimation is also vital for exercise recommenda-
tion systems used in personalized learning environments, where exercises
must align with a student’s skill level. According to Vygotsky’s zone of
proximal development (Vygotsky, [1978), the range of exercises that opti-
mally support learning is narrow: overly simple tasks risk inducing bore-
dom, while overly complex ones can cause frustration. Inaccurate difficulty
estimates may therefore hinder students’ engagement and negatively affects
their learning progress.

Similarly, Computer Adaptive Testing (CAT) (Van der Linden & Glas,
2000) depends heavily on QDE. CAT aims to infer a student’s proficiency
by dynamically selecting questions whose difficulty matches their esti-
mated skill level. However, research has shown that CAT performance
deteriorates significantly when questions are miscalibrated, that is, when
difficulty estimates are inaccurate (Chen et al., 2005).

Traditionally, QDE has relied on manual calibration (Attali et al.,[2014)
or pretesting (Lane et al., 2016), both of which are costly and time-
consuming. Recent progress in natural language processing (NLP), par-
ticularly through the use of LLMs, has paved the way for automating QDE,
enabling scalable and efficient calibration of new questions (Benedetto et
al.,[2023).

1.2 Challenges in Learning Analytics

In learning analytics, there are multiple challenges that hinder its wider ap-
plicability in real-life settings. Mathrani et al. (2021) request more focus
on model generalizability, transparency, and ethical issues. Furthermore,
the concerns of Alfredo et al. (2024) are in line, encouraging researchers to
emphasize human control, safety, reliability, and trustworthiness. Wilson et
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al. (2017) draw attention to the implementation of pedagogical and learn-
ing theories in learning analytics. From an ML perspective, Karamolegkou
et al. (2025) examine the role of NLP in societal domains, among which
education. The authors identify five main recurring challenges across the
domains that continue to hinder progress: (1) data scarcity and representa-
tional bias; (2) misaligned evaluation metrics; (3) safety, privacy, and ethi-
cal concerns; (4) limited generalization; and (5) infrastructural constraints.

This work focuses on three overarching themes that hinder the practical
adoption of ML in learning analytics: limited generalization, data scarcity,
and misaligned evaluation metrics. Although we do not directly address
infrastructural challenges, privacy, and ethics, we reflect on the impact of
our work on these topics.

Limited generalization. A central challenge in developing ML sys-
tems for learning analytics is ensuring their safe deployment and their abil-
ity to generalize across contexts, such as different courses, subjects, and
student populations. ML models typically assume that the training and
deployment data are drawn from the same distribution. However, in ed-
ucational contexts, this assumption often fails due to temporal shifts be-
tween academic years. For example, a model trained to predict student
performance in one academic year may perform poorly in the next. NN,
in particular, are known to exhibit overconfidence under such distribution
shifts (Guo et al.,[2017), posing risks in high-stakes decision-making envi-
ronments. There is thus a pressing need for ML models that are robust to
these shifts and capable of signaling uncertainty. As such, this challenge is
very much linked to other topics like safety, reliability, and trustworthiness
(Alfredo et al., 2024} Karamolegkou et al., 2025).

Data scarcity. A persistent challenge in learning analytics is the
scarcity of high-quality datasets. This problem is particularly acute for
marginalized groups (e.g., languages with few speakers or students with
cultural differences) and for exam questions, which instructors are reluc-
tant to share due to concerns over content exposure. The data might not be
logged well in online learning platforms, is sensitive to privacy concerns or
can only be obtained with high annotation costs. Existing datasets are often
small and heterogeneous, reflecting the diversity of course structures and
assessment formats. For instance, supervised approaches to QDE require
thousands of calibrated questions, yet such datasets are rarely available.
Given that question difficulty is so context-dependent, it is important to
only use the relevant student and question data. The development of meth-
ods that work well with smaller datasets is therefore essential to improve
the feasibility of ML tools for these marginalized groups or question types,
as such broadening the accessibility of learning analytics.
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Misaligned evaluation metrics. In learning analytics, it is crucial that
the objectives that the ML tools optimize align with the vision of educa-
tional professionals. Misaligned evaluation metrics pose a serious risk to
the development and deployment of ML in education. When metrics fail
to reflect the true structure of a task, they can mislead researchers, hinder
progress, and ultimately lead to suboptimal outcomes and harmful deci-
sions. In learning analytics, existing metrics often fail to reflect the ordinal
structure of a task. For example, question difficulty labels are inherently
ordinal, e.g., “easy”’—“medium”—"“hard”, yet most studies ignore this order-
ing. Karamolegkou et al. (2025]) focus on capturing human-centered qual-
ities like empathy and cultural sensitivity, and we argue that this sense of
ordinality is also a human-centered quality, albeit more of a quantitative
skill. There is a clear need for metrics that are better aligned with the spe-
cific objectives and structure of ordinal tasks in education, leading to tools
with higher adoption rates.

Others. Although we do not directly address other challenges, we dis-
cuss the impact of our work on the infrastructural requirements for schools,
e.g., the computational expense of learning analytics solutions and the plat-
forms required for stakeholders to interact with the tools. We also discuss
the potential issues in privacy and ethics when working with personal data
about students and their learning trajectory. Furthermore, Alfredo et al.
(2024) emphasize the importance of human control and Karamolegkou et
al. (2025) list human-in-the-loop approaches as an opportunity in scaling
expert strategies while preserving teacher agency. In this work, we incorpo-
rate several human-in-the-loop settings, approaching it more like a method
that provides a possible solution as opposed to a challenge.

To address the three main challenges, the studies in this dissertation ex-
plore novel techniques from the fields of NLP or uncertainty quantification
(UQ), or a combination of both. The following section provides a brief
overview of these methods.

1.3 Fundamental Concepts and Terminology

1.3.1 Uncertainty Quantification

NN are increasingly deployed in real-world applications, including safety-
critical domains, making it essential to assess the trustworthiness of their
predictions (Kraus et al., [2020). A key challenge in these settings is the
prevalence of distribution shifts—situations where the data encountered
during deployment diverges from the distribution seen during training.
These shifts may occur suddenly, gradually, or seasonally (Huyen, 2022).
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In education, for example, academic years naturally introduce gradual shifts
due to changes in course content, student cohorts, and institutional policies.

Ovadia et al. (2019) demonstrate that when faced with distribution
shifts, NNs often make highly confident but incorrect predictions. In such
cases, the model fails to recognize that it does not know, a phenomenon
known as overconfidence. Ideally, the model should express high uncer-
tainty under these conditions, effectively raising a flag for human inter-
vention. The field of UQ provides principled methods for modeling and
interpreting such uncertainty, playing a critical role in the safe deployment
of NN in production.

Uncertainty arises from two fundamentally distinct sources: aleatoric
and epistemic uncertainty (Der Kiureghian & Ditlevsen, [2009).

Aleatoric uncertainty, or data uncertainty, stems from the inherent
noise or randomness in the data-generating process. It is irreducible—even
with unlimited data—because it reflects variability that cannot be explained
by the model. A classic example is coin flipping: no amount of additional
observations can eliminate the 50/50 randomness in the outcomes of a fair
coin (Hiillermeier & Waegeman, 2021). As such, the best a model can
do is to assign probabilities to possible outcomes (e.g., “heads” or “tails”)
without ever producing a definite prediction.

Epistemic uncertainty, or model uncertainty, reflects the model’s lack
of knowledge about the best model parameters, typically due to insufficient
or unrepresentative training data. Unlike aleatoric uncertainty, epistemic
uncertainty is reducible through the acquisition of new information. For
instance, a student can be unsure whether the correct sentence is “their test
scores are poor” or “there test scores are poor”. The uncertainty is not due
to randomness but due to lack of knowledge—a web search could easily
resolve it. In other words, epistemic uncertainty refers to the reducible part
of the uncertainty, whereas aleatoric uncertainty refers to the irreducible
part.

In standard NN architectures, these two sources of uncertainty are not
handled equally (Hiillermeier & Waegeman, 2021). Traditional NN clas-
sifiers capture only aleatoric uncertainty through the softmax layer, and
standard regressors offer no uncertainty estimates at all. To capture epis-
temic uncertainty, one must resort to approximate Bayesian inference meth-
ods (such as Monte Carlo dropout (Gal & Ghahramani, |2016))), ensem-
bling techniques (Lakshminarayanan et al.,2017), evidential deep learning
(Park et al., [2023)), or density- and distance-based methods (Charpentier et
al., 2022, Van Amersfoort et al., [2020). UQ is foundational to human-in-
the-loop learning strategies such as classification with rejection and active
learning:
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Classification with rejection allows a model to abstain from making
predictions when uncertainty is high, deferring those cases to human ex-
perts. This is particularly valuable in settings where incorrect predictions
are costly or harmful. By rejecting only the most uncertain instances, the
system balances automation with safety, enhancing the trustworthiness of
ML-assisted decision-making.

Active learning is a data-efficient modeling paradigm in which a model
is trained iteratively on a small labeled dataset, selectively querying hu-
man annotators only for the most informative unlabeled examples (Settles,
2009). This informativeness is closely tied to epistemic uncertainty, which
is naturally higher in regions of the input space that are underrepresented
in the training data. As a result, active learning prioritizes label acquisition
where it is most likely to learn new information.

In sum, UQ provides the theoretical and practical tools necessary for
deploying NNs in high-stakes, real-world scenarios such as education,
where decisions based on ML models can have significant consequences
for students.

1.3.2 Natural Language Processing with Large Language Mod-
els

In education, there is an abundance of textual data, including exam ques-
tions, multiple-choice options, and open-ended student responses. NLP,
a field at the intersection of linguistics and ML, is particularly valuable
as it allows computers to understand and generate human language. NLP
enables scalable analysis of these texts, uncovering patterns in student un-
derstanding, misconceptions, and learning progress. By leveraging such
insights, educators can support applications like QDE and automated feed-
back. In recent years, NLP has been revolutionized with the advent of
LLMs—NN:ss trained on vast corpora of text that can perform a wide array
of language tasks, often with minimal task-specific supervision.

This progress in universal language understanding and generation has
been driven by two key developments: the introduction of Transformer
architectures (Vaswani et al., 2017) and advances in large-scale self-
supervised learning. These innovations enable the development of founda-
tion models, which are pre-trained on massive unlabeled datasets and later
adapted to a range of downstream tasks. Well-known examples include the
BERT (Devlin et al., [2019) and GPT (Brown et al., 2020) model families.
The key insight behind this paradigm is the separation of general language
modeling from task-specific learning: rather than training separate mod-
els for education from scratch, we pre-train a general-purpose model and
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fine-tune or prompt it for specific educational applications.
NLP objectives generally fall into two categories:

* Sequence encoding, where the model produces a vector represen-
tation of a given input sequence. Encoder-only architectures (e.g.,
BERT) are commonly used in this setting, and the learned representa-
tions can be fed into downstream models for tasks such as classifying
whether a student’s answer is correct, predicting question difficulty,
or classifying misconceptions in written responses.

* Sequence generation, where the model generates new sequences
based on a given context. Decoder-only architectures (e.g., GPT)
excel in this setting and are well-suited for tasks such as generating
automated feedback, generating question distractors, or simulating
student responses in role-playing scenarios.

Once pre-trained, LLMs can be adapted to specific tasks using two primary
approaches: fine-tuning and prompting.

Fine-tuning of pre-trained encoding models. Fine-tuning involves
adapting a pre-trained encoder (typically trained with masked language
modeling) to a supervised task. During pre-training, a softmax layer is
added to the encoder to predict masked tokens based on both left and right
context, resulting in a bidirectional language model. For downstream tasks,
this softmax layer is replaced with a task-specific output head (e.g., a clas-
sifier or regressor), and the model is further trained on labeled data. This
process adjusts the parameters of the pre-trained model to better suit the
task at hand.

Because pre-training is computationally expensive, fine-tuning offers
a practical alternative: it requires only a modest amount of labeled data
and limited computational resources. This efficiency has made fine-tuning
the standard method for adapting encoder-based LLMs to a wide range of
applications in NLP, including learning analytics.

Prompting of pre-trained generation models. Decoder-only Trans-
former architectures, such as those used in the GPT family, are typically
trained using causal language modeling (Radford et al., 2018)). These mod-
els learn to predict the next token in a sequence based on its left-hand con-
text, ignoring future tokens during training. As a result, they excel at gen-
erating coherent and contextually appropriate text.

These models can then be adapted to new tasks with prompting—
reframing an NLP problem as a text completion task. For instance, given a
student’s open-ended answer to a math problem, one can prompt an LLM
with an instruction such as: “Classify the following response as correct,
partially correct, or incorrect:”, followed by the student’s answer. The
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model then completes the prompt with the appropriate label. This approach
enables zero-shot learning, allowing the model to perform tasks it was
never explicitly trained on. An extension of this idea is few-shot learning,
commonly implemented via in-context learning (ICL). In this setting, the
prompt includes several demonstrations—examples of inputs paired with
their correct outputs—before presenting the model with a new input to pro-
cess. These demonstrations serve to teach the model how to perform the
task without any additional training.

1.4 Content

Three of the studies in this dissertation have been peer-reviewed and pub-
lished in scientific journals or international conferences; the fourth is cur-
rently under revision.

Chapter 2] “Explainability through Uncertainty: Trustworthy Decision-
Making with Neural Networks”, examines how UQ can enhance the reli-
ability of student performance prediction models. NNs have been widely
used for this task; however, in practice, models are typically trained on
data from one cohort of students and then applied to predict outcomes for
subsequent cohorts or different courses. This setup naturally introduces a
distribution shift, as both the student population and course content evolve
over time. NNs, however, are known to produce overconfident yet inaccu-
rate predictions under such shifts, leading to unnoticed degradation in per-
formance, a challenge that has received limited attention in prior research.
To address this issue, the chapter proposes a general framework that uses
UQ to determine when model predictions can be trusted. The framework
further integrates UQ estimates into a classification with rejection scheme,
enabling the system to automatically decide whether to accept a predic-
tion or defer to a human expert. Beyond reliability, UQ offers insight into
model confidence and behavior, thus serving as a form of explainable Al
(XAI). Overall, this framework fosters more appropriate trust in machine
learning systems and supports more reliable downstream decision-making
in educational contexts.

The following chapters focus on QDE, the task of assessing the dif-
ficulty level of exam questions. Chapter |3| “Active Learning to Guide
Labeling Efforts for Question Difficulty Estimation”, addresses the sub-
stantial data requirements of current NLP-based QDE approaches. While
fine-tuning encoder-based Transformer models yields state-of-the-art per-
formance, these methods typically require large labeled datasets compris-
ing thousands of calibrated questions. For educators seeking to implement
QDE tools, collecting such extensive labeled data is often impractical or
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infeasible. In contrast, existing unsupervised methods eliminate the need
for labeled data but rely on alternative evaluation paradigms that are less
convenient in practice. This chapter bridges the gap between supervised
and unsupervised methods by introducing an active learning approach to
QDE, a human-in-the-loop strategy that begins with a small labeled dataset
and iteratively selects the most informative questions for annotation. To
guide this selection process, the chapter draws on UQ techniques intro-
duced in Chapter[2]and proposes the novel PowerVariance acquisition func-
tion, which reduces redundancy when selecting question batches for label-
ing. Experimental results show that active learning achieves performance
close to fully supervised models while requiring only a fraction of the la-
beled data, thereby enabling more efficient use of educational resources and
broadening access to practical QDE tools for teachers and learning plat-
forms.

Chapter [ “Ordinality in Discrete-level Question Difficulty Estima-
tion: Introducing Balanced DRPS and OrderedLogitNN”, underscores the
importance of recognizing the ordinal nature of QDE. Although discrete
difficulty levels are inherently ordered (e.g., “easy”—"“medium”—"hard” or
CEFR levels Al, A2, B1, etc.), prior research has largely neglected this
property in both model design and evaluation metrics. Most existing ap-
proaches treat QDE as a standard classification or discretized regression
problem, overlooking methods developed specifically for ordinal regres-
sion. Moreover, widely used evaluation metrics are often model-dependent,
fail to capture ordinality, and inadequately address class imbalance. As a
result, current ML models tend to optimize for metrics that misalign with
how educators intuitively reason about question difficulty, leading to less
meaningful predictions and limiting practical adoption. The diversity of
evaluation metrics across studies further complicates cross-paper compara-
bility, impeding progress in the field. To overcome these limitations, the
chapter introduces both a new evaluation metric and a modeling framework
for discrete-level QDE. First, it benchmarks classification, regression, and
ordinal regression models using the proposed Balanced DRPS, a metric
that simultaneously accounts for ordinality and class imbalance. Second, it
presents OrderedLogitNN, which reinterprets the well-established ordered
logit model from econometrics as a NN architecture for ordinal regression.
Experimental results show that OrderedLogitNN matches baseline mod-
els on simpler tasks and outperforms them on more complex ones, while
Balanced DRPS provides a more principled and interpretable evaluation
framework. Together, these contributions strengthen the alignment between
ML-based QDE tools and educators’ reasoning about difficulty, paving the
way for broader and more meaningful adoption in practice.

10
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Table 1.1: Learning analytics challenges addressed in this dissertation.

Challenge Chapter Chapter Chapter Chapter
Limited generalization v

Data scarcity v v
Misaligned evaluation metrics v

Table 1.2: Methodologies used in this dissertation.

Method Chapter Chapter Chapter @ Chapter
Uncertainty Quantification v v
Natural Language Processing v v v

Chapter [5] “Leveraging Misconceptions with In-Context Learning to
Simulate Students with Role-Playing LLMs”, investigates whether provid-
ing contextual information improves LLMs’ ability to simulate student be-
havior. In traditional QDE, question difficulties are determined through
pretesting, where student responses are collected and analyzed using psy-
chometric models, a process that is both time-consuming and costly, and
risks prematurely exposing exam content. To address these drawbacks,
recent research has explored virtual pretesting, in which LLMs generate
simulated student responses as a low-cost alternative. However, existing
approaches have achieved only limited success. This chapter introduces an
ICL framework that enriches simulation by incorporating prior question-
answer records, giving LLMs more personalized information about the stu-
dent they are role-playing. Empirical findings reveal that contextual in-
formation does not consistently enhance simulation quality, and that opti-
mal configurations fail to generalize across different LLMs, posing chal-
lenges for real-world deployment. Consequently, current LLM-based role-
playing techniques remain inadequate for high-stakes educational assess-
ments. Overall, the findings suggest that while LLMs can mimic certain
aspects of learner behavior, their ability to replicate authentic student per-
formance remains limited, underscoring the need for behaviorally grounded
evaluation frameworks in future research.

Tables and provide a structured overview of how the individ-
ual chapters in this dissertation contribute to addressing the key challenges
in applying ML within educational contexts. Table maps each chapter
to the specific challenges it addresses. Table summarizes the primary
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methodological approaches employed across the dissertation. UQ is ap-
plied in Chapters [2] and 3} NLP forms the methodological foundation in
Chapters 4] and [5] and also contributes to Chapter [3| which lies at the inter-
section of UQ and NLP.
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Explainability through Uncertainty:
Trustworthy Decision-Making with
Neural Networks

This chapter is based on a study published in the European Journal of Oper-
ational Research (Thuy & Benoit, 2024). The versions are identical except
for minor language adjustments.

Abstract

Uncertainty is a key feature of any machine learning model and is partic-
ularly important in neural networks, which tend to be overconfident. This
overconfidence is worrying under distribution shifts, where the model per-
formance silently degrades as the data distribution diverges from the train-
ing data distribution. Uncertainty estimation offers a solution to overconfi-
dent models, communicating when the output should (not) be trusted. Al-
though methods for uncertainty estimation have been developed, they have
not been explicitly linked to the field of explainable artificial intelligence
(XAI). Furthermore, literature in operations research ignores the action-
ability component of uncertainty estimation and does not consider distri-
bution shifts. This work proposes a general uncertainty framework, with
contributions being threefold: (i) uncertainty estimation in ML models is
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positioned as an XAl technique, giving local and model-specific explana-
tions; (ii) classification with rejection is used to reduce misclassifications
by bringing a human expert in the loop for uncertain observations; (iii) the
framework is applied to a case study on neural networks in educational
data mining subject to distribution shifts. Uncertainty as XAl improves
the model’s trustworthiness in downstream decision-making tasks, giving
rise to more actionable and robust machine learning systems in operations
research.

2.1 Introduction

A representation of uncertainty is desirable and is a key feature of any ma-
chine learning (ML) model. Uncertainty is particularly important in neural
networks (NNs), which tend to be overconfident in their predictions (Guo et
al.,|2017). That is, a NN classifier often predicts an incorrect label, despite
giving a high predicted probability.

This flaw is especially troubling in situations of distribution shift, where
the data distribution during deployment diverges from the training data dis-
tribution (Murphy, [2022). Although the model performs well when first
deployed, its performance degrades over time as the distribution shift in-
creases without warning the decision maker. Distribution shifts happen all
the time, either suddenly, gradually, or seasonally (Huyen, [2022)). For ex-
ample, a demand prediction model is affected by a sudden change in the
pricing policy of a competitor or when a new competitor enters the market.

The field of uncertainty estimation provides a solution to overconfi-
dent models by capturing the uncertainty in both the data and the model.
As such, it communicates when a model’s output should (not) be trusted
(Ovadia et al., 2019). Building trust is also the cornerstone of the field of
explainable artificial intelligence (XAI), which aims to explain the output
of black-box models. XAl techniques are commonly used in operations re-
search (OR) to facilitate the human-computer interaction and thereby sup-
port decision-making systems (Cabitza et al., 2023)).

The related work on uncertainty estimation and XAl has three short-
comings: (i) uncertainty estimation is not explicitly formulated as an XAI
technique following the local/global and model-specific/agnostic specifica-
tion and there is no theoretical motivation on how uncertainty contributes
to explainability; (ii) the available work in OR merely monitors the NN un-
certainty estimates without acting upon it; (iii) there is a lack of OR appli-
cations that examine the influence of distribution shifts on NN uncertainty,
as literature only employs benchmark datasets like MNIST.

A general uncertainty framework is proposed, with contributions being
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threefold:

1. The framework first positions uncertainty estimation in ML models
as an XAl technique, giving local and model-specific explanations.
To support this, theoretical properties are discussed, arguing that un-
certainty estimation fosters appropriate levels of frust, and increased
actionability and robustness.

2. The framework then uses classification with rejection (Mena et al.,
2021) to reduce misclassifications by bringing a human expert in the
loop for uncertain observations.

3. The framework is applied to a case study on neural networks in ed-
ucational data mining, with distribution shifts occurring naturally
when deploying the model to production.

The remainder of the chapter is organized as follows. Section [2.2]
gives an overview of related work and identifies shortcomings. Section [2.3|
presents the general uncertainty framework and positions uncertainty es-
timation as an XAI technique. Section [2.4] discusses how uncertainty is
quantified specifically in NN classifiers. In Section the case study in
educational data mining with NN uncertainty is presented; Section[2.6]gives
the results. Finally, Section[2.7] provides a discussion and Section [2.§] gives
a conclusion.

2.2 Related Work

This section discusses related work on XAI, uncertainty estimation, and
NN in the field of OR. Furthermore, extant literature on uncertainty esti-
mation as XAl is discussed. Thereby, three main shortcomings in related
work are identified.

2.2.1 Explainable Artificial Intelligence in Operations Re-
search

ML models are widely used in OR to solve complex problems (Choi et
al., 2018). However, extant literature often focuses on predictive perfor-
mance which comes at the expense of model explainability. This lack of
explainability leads to decision makers’ distrust and unwillingness to adopt
analytics in decision support systems (Shin, 2021)).

The field of XAl refers to techniques that try to explain how a black-box
ML model produces its outcomes. Although still limited, XAl techniques
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are increasingly adopted in OR applications, e.g., in credit risk (Bastos &
Matos, 2022; Sachan et al., [2020), marketing risk (De Caigny et al., 2018}
Van Nguyen et al., 2020)), supply chain management (Garvey et al., 2015),
healthcare (Piri et al., 2017), and jurisprudence (Delen et al., 2021)). As
such, XAI bridges the gap to organizational decision-makers by provid-
ing understanding into a model’s predictions and generating actionable in-
sights.

XAI techniques can be organized based on two main criteria (Adadi
& Berrada, [2018)). It can be global, i.e., characterize the whole dataset
(e.g., partial dependence plot), or local, i.e., explain individual predictions
(e.g., counterfactual explanations). It can be model-specific, i.e., capable
of explaining only a restricted class of models (e.g., random forest variable
importance), or model-agnostic, i.e., applicable to any model (e.g., SHAP).

2.2.2 Uncertainty and Neural Networks in Operations Re-
search

Neural networks are rapidly emerging in operations research (OR), with
applications such as credit scoring, demand prediction, and outlier detec-
tion (Gunnarsson et al., 2021; Kraus et al., 2020; Van Belle et al., 2021}
Verboven et al., 2021). Kraus et al. (2020) point to three key challenges
that limit the relevance of deep learning in OR: (i) extensive hyperparam-
eter tuning is required, (ii) lack of uncertainty estimation, and (iii) lack of
accountability and explainability.

Uncertainty estimation for NNs has been investigated in different do-
mains of OR: predictive maintenance (Kraus & Feuerriegel, 2019), rec-
ommender systems (Nahta et al.,2021)), finance (Ghahtarani, 2021)), stress-
level prediction (Oh et al.,[2021]), transportation (Feng et al.,2022; Zhang &
Mahadevan, 2020), predictive process monitoring (Weytjens & De Weerdt,
2022)), and educational data mining (Yu et al.,2021). In the available work,
however, uncertainty estimates are merely monitored as an additional met-
ric, not used in combination with a human expert such as in classifica-
tion with rejection (i.e., shortcoming 1). Ignoring the actionability of this
human-machine combination leaves a large part of the added value on the
table.

Moreover, there is a lack of literature on the impact of distribution shifts
on NN uncertainty estimates with applications in OR (i.e., shortcoming 2).
That is, uncertainty estimates are always evaluated on benchmark datasets,
e.g., MNIST and not-MNIST, or using artificial distortions, e.g., Gaussian
blur (Ovadia et al., [2019).
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Explainable Artificial Intelligence

Attribution-based methods Non-attribution-based methods Uncertainty estimation

Propagation-based Attributing to semantic concepts Data uncertainty

Perturbation-based Attributing to training data Model uncertainty

Figure 2.1: Overview explainable artificial intelligence. Uncertainty estimation
is a third general type of XAl technique. Figure adapted from Bai et al. (2021).

2.2.3 Uncertainty as Explainable Artificial Intelligence

Bai et al. are the first to list uncertainty estimation as a third distinct
category in XAl, next to attribution-based (e.g., SHAP) and non-attribution-
based (e.g., counterfactual explanations) methods (Figure 2.1). However,
Bai et al. do not specify uncertainty estimation in terms of the two
main XAI criteria and do not provide a theoretical motivation (i.e., short-
coming 3).

This work addresses the three shortcomings by proposing a general un-
certainty framework, positioning uncertainty estimation in ML models as
XAI and using classification with rejection. Furthermore, a case study on
NNs with distribution shifts demonstrates the value of the framework for
OR applications.

2.3 Methodology

Figure 2.2] outlines the proposed general uncertainty framework. The
framework consists of two stages: (i) uncertainty estimation as XAl and (ii)
classification with rejection. The goal of uncertainty estimation is to quan-
tify the data and model uncertainty in predictions made by an ML model.
The classification with rejection system then uses the estimates to assist in
deciding which predictions should be rejected or retained, based on three
key metrics.

2.3.1 Uncertainty as Explainable Artificial Intelligence

Uncertainty as XAl is available for multiple ML models, each having dis-
tinct techniques. That is, the case study quantifies data and model uncer-
tainty in NNs, but it can also be computed in e.g., Gaussian Processes
(Hiillermeier & Waegeman, or Random Forests (Shaker & Hiiller-
meier, using other existing techniques. Furthermore, one can even
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:
Uncertalnty as XAl

Classification with rejection

Non-rejected
accuracy

Data uncertainty Decision-making:

—_ —_ Classification| =3 reject or retain
Model uncertainty quality observation?
Rejection
f quality
1
1 Neural Neural Gaussian Random
Options: | Network |.| Network |.| Process .| Forest | etc.

[ mcpropout || | [peep Ensembles|

Figure 2.2: General uncertainty framework. The framework consists of two
stages: (i) uncertainty estimation as XAl and (ii) classification with rejection. It
can be applied to multiple ML models, each having one or more specific uncer-
tainty techniques.

use different uncertainty estimation techniques for some ML models, e.g.,
Monte Carlo Dropout and Deep Ensembles for NNs (Gal & Ghahramani,

2016j Lakshminarayanan et al., 2017).

2.3.1.1 Data and Model Uncertainty

Each prediction has two uncertainty values, as uncertainty can arise from
two fundamentally different sources: data uncertainty and model uncer-
tainty (Der Kiureghian & Ditlevsen, 2009). Data uncertainty, also known
as aleatoric uncertainty, refers to the notion of randomness and is related to
the data-measurement process. This uncertainty is irreducible even if more
data is collected. Model uncertainty, also known as epistemic uncertainty,
accounts for uncertainty in the model parameters, i.e., uncertainty about
which model generated the collected data. In contrast to data uncertainty,
collecting more data can reduce model uncertainty. Both types of uncer-
tainty can then be summed to compute the fotal uncertainty in a prediction.

Consider a binary classification task with two input features (Fig-
ure [2.3), where the crosses represent positive training examples and the
circles represent negative training examples. At test time, predictions are
made for both observations A and B. The model uncertainty is high in
sparsely populated regions with few training examples. Therefore, observa-
tion B has high model uncertainty and could be classified as either positive
or negative. In contrast, observation A lies in a region where the two class
distributions are overlapping, i.e., the data uncertainty is high. Although
collecting more training data around observation B will reduce the model
uncertainty, more training data around observation A will not reduce the
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Figure 2.3: Two types of uncertainty. Observation A has high data uncertainty;
B has high model uncertainty. Figure adapted from Hiillermeier and Waegeman
(2021)).

data uncertainty.

2.3.1.2 Theoretical Properties

Doshi-Velez and Kim (2017) devise six desirable properties for XAl tech-
niques: trust, actionability, fairness, privacy, robustness, and causality. We
apply uncertainty estimation to this list and argue that it satisfies three prop-
erties:

* Trust: decision makers should feel comfortable relinquishing control
to the ML model. As model uncertainty enables saying “I do not
know,” a human expert can step in. This awareness gives decision
makers more confidence to rely on the model’s predictions in other
situations when it says “I do know.”

* Actionability: ML models should provide information assisting users
to accomplish a task. Uncertainty estimates are key in classification
with rejection, where uncertain observations are passed on to a hu-
man expert.

* Robustness: ML models should reach certain levels of performance
in the face of input variation. Under increased distribution shift, un-
certainty estimates grow accordingly, enabling an improvement in
accuracy by rejecting the most uncertain observations.

To demonstrate the validity of the theoretical properties, they are evaluated
in light of the case study results (see Section [2.7). Uncertainty is comple-
mentary to other XAl techniques, which can be used to satisfy the remain-
ing three properties.
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Non-rejected !
accurac
Accurately ’ .
classified
A
Classification ._
ualit %
Misclassified ‘ !
M
N - tod Reioctod Rejection /
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Figure 2.4: Performance measures for classification with rejection. Three per-
formance measures are proposed by Condessa et al. (2017) to find the optimal
rejection point. Figure adapted from Mena et al. (2021).

2.3.1.3 Specification

Uncertainty estimation is a local and model-specific XAl method. It is local
because each observation receives an uncertainty estimate, both for data and
model uncertainty. Furthermore, it is model-specific because techniques
for decomposition into data and model uncertainty are different across ML
models, although they exist for multiple ML models.

2.3.2 C(lassification with Rejection

For predictions with high uncertainty, the observations can be passed on
to a human expert for a label. The goal of a classification with rejection
system (Barandas et al., 2022; Mena et al.,[2021)) is to help decide when to
stop rejecting the most uncertain observations. The system takes as input
the per-observation uncertainty values and outputs three metrics to assist
the decision maker in finding the optimal rejection threshold for the task at
hand. It is useful for applications where making an error can be more costly
than asking a human expert for help. For example, in fraud detection, an
employee can verify a transaction manually if the prediction is uncertain.
Observations are classified along two criteria: (i) accurately classified
A and misclassified M; (ii) rejected R and non-rejected N'. Condessa et al.
(2017) propose three rejection metrics (Figure 2.4} higher is better):

* Non-rejected accuracy (NRA): ability to classify non-rejected sam-
ples accurately.
[ANN]

NRA =
V]

2.1)
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* Classification quality (CQ): ability to retain correctly classified
samples and to reject misclassified samples, i.e., correct decision-
making.

JANN|+ | MNR|

CO=""IN+R]

2.2)

* Rejection quality (RQ): ability to concentrate misclassified samples
in the set of rejected samples.

IMNR|

M)
Tanr A @3

RQ =

The NRA and CQ are bounded in the interval [0, 1], unlike the RQ
which has a minimum value of zero and an unbounded maximum. The
three metrics are evaluated as a function of the percentage of rejections
varying from 0% to 100% (Yong & Brintrup, 2022). If observations have
identical uncertainty values (e.g., exactly 0.0 or 1.0), observations are re-
jected randomly until the desired percentage is achieved.

2.3.3 Workflow with a Human-in-the-loop

The suggested way of working for the human expert is as follows. The ac-
curacy score is first evaluated on the entire test set, without rejecting any
observations. If the accuracy is not sufficiently high, the rejection process
is started and the metrics NRA, CQ, and RQ are evaluated. The most un-
certain observations are rejected until the labeling budget for the expert
annotator is exhausted, or until the NRA is sufficiently high. Although the
NRA is the most important metric, the CQ and RQ provide more informa-
tion on the internals of the rejection system. For example, a decreasing
CQ indicates that more and more correct observations are rejected. At this
point, the expert might decide to stop rejecting because the NRA will likely
stagnate, which does not justify spending the labeling budget on.

It is important to note that the rejection level depends on the labeling
budget available for the expert annotator and the accuracy requirement, as-
sociated with the misclassification cost, for the task. As such, there is no
universally optimal point of rejection.

2.4 Uncertainty in Neural Networks
In the case study, NNs are used for the “Uncertainty as XAI” building block

of the general uncertainty framework. This section discusses how uncer-
tainty can be represented and measured in NNs.
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2.4.1 Data and Model Uncertainty

Data uncertainty. In a NN classifier, the output layer contains a softmax
or sigmoid function, forming a categorical distribution over the class labels
p(Y | X, ). This distribution enables the NN to represent data uncer-
tainty.

Modern NNs are usually trained using a maximum likelihood objec-
tive. That is, they find a single setting of parameters 8* to maximize the
probability of the data given the parameters, arg maxg p(X, Y | ). For
each test input x*, there is only one prediction because the NN generates
an identical output for each run. As a result, model uncertainty cannot be
captured.

Model uncertainty. NNs are large flexible models capable of rep-
resenting many functions, corresponding to different parameter settings.
Each function fits the training data well, yet generalizes in different ways,
a phenomenon known as underspecification (Wilson, 2020). Considering
all of these different NNs together allows capturing model uncertainty. In
a probabilistic sense, uncertainty in an unseen input point x* is represented
by the posterior predictive distribution p(y* | x*, X, Y).

Model uncertainty can be captured in NNs using two approaches: (i)
Bayesian NNs and (ii) ensembles. A Bayesian NN aims to estimate a
full distribution for p(@ | X, Y), unlike maximum likelihood. However,
this distribution is intractable and is typically approximated using sampling
techniques. The ensembling approach obtains multiple good maximum
likelihood settings 6*.

Both approaches aggregate predictions over a collection of NNs. The
following subsections discuss the most popular technique for either ap-
proach, (i) Monte Carlo Dropout and (ii) Deep Ensembles. Figure [2.5| pro-
vides a visual overview.

2.4.2 Monte Carlo Dropout

In Monte Carlo (MC) Dropout (Gal & Ghahramani, [2016), dropout is
not only applied at training time but also at test time. Multiple for-
ward passes are performed, each time randomly dropping units and get-
ting another thinned dropout variant of the NN. The resulting 7" predictions
{¥yi(x*), ..., ¥»(x*)} are aggregated, forming an approximation to the
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Monte Carlo Dropout Deep Ensembles
Py X, X Y) pXhply | x, 0Y) A S DY X7, O0n)
sample 1 ><
sample 2 ><
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sample T (M)

=

Figure 2.5: Overview of uncertainty estimation methods. Forward passes are
generated differently depending on the method. In MC dropout, different units are
dropped out from a NN; in Deep Ensembles, multiple independent NNs are used,
with different parameter initializations and noise in the SGD training process.

true posterior predictive distribution:
Py X X, Y) = [l % 0001 X, Y)do 24)

1 X
~ 5 byt x 0), 2.5)

The posterior predictive distribution is obtained through Bayesian model
averaging. That is, it averages over an infinite collection of parameter set-
tings, weighted by their posterior probabilities.

2.4.3 Deep Ensembles

Deep Ensembles (Lakshminarayanan et al., 2017) uses an ensemble of M
maximum likelihood NNs, with every NN trained on the same dataset and
the same input features. The diversity arises through different parameter
initializations and noise in the stochastic gradient descent (SGD) training
process, inducing different solutions due to the non-convex loss. At test
time, each of the M NNs performs one forward pass. The resulting M
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predictions {y7(x*), ..., ¥3,;(x*)} are averaged, forming a mixture dis-
tribution:
| M
Py [x) = MmZ:lp(y | X", Om). (2.6)

In ensembling, NNs are weighted equally over a finite collection of
functions. As such, it is a fundamentally different mindset than Bayesian
model averaging.

2.4.4 Uncertainty Decomposition

The posterior predictive distribution holds information about the total un-
certainty in a prediction, decomposable in data and model uncertainty using
classical information-theoretic measures. However, calculations require the
expectation over the posterior distribution, which is intractable. Nonethe-
less, an approximation can be obtained using samples from the approximate
posterior predictive distribution:

Nl =

Utotal(X™) =~ H

T
> ply™ | x, 9<t>)] 2.7)

t=1

T
1
taata(x7) & = > H [ply” | %', 69)] 28)
t=1
umodel( ) = Utotal (X*) — Udata (X*) 2.9

First, total uncertainty and data uncertainty are calculated; then model
uncertainty is obtained as the difference (Depeweg et al., 2018). Total un-
certainty is computed by averaging over the different samples and calculat-
ing the entropy H. Data uncertainty is computed by calculating the entropy
in each sample and averaging the entropies. This boils down to fixing a set
of weights (), i.e., considering a distribution p(y* | x*, 8(")), essentially
removing the model uncertainty. Model uncertainty is high if the distribu-
tion p(y* | x*, 8®)) varies greatly for different weights ). Intuitively,
data uncertainty measures uncertainty in the softmax classification on indi-
vidual samples; model uncertainty measures how much the samples deviate
(Barandas et al., 2022; Hiillermeier & Waegeman, 2021).

Table contains three examples in the context of binary classifica-
tion with 7' = 4 samples. The middle and bottom rows both have a total
uncertainty of 1.0 although the samples are wildly different. Therefore, the
total uncertainty alone is not sufficient to characterize the NN’s predictions;
decomposition into data and model uncertainty is necessary.
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Table 2.1: Examples of uncertainty decomposition. The middle and bottom row
have equal total uncertainty but have wildly different samples. Decomposition in
data and model uncertainty reveals the different characteristics.

Samples p(y* ‘ X*s 0<t)) p(y* ‘ X*) uf,()ta,l(x)k) u(lata(X*) u‘"l,()dfl(X*)
{(1.,0.), (1. ,0.), (1. ,0. ), (1. ,0.)} (1.,0.) 0. 0. 0.
{(0.5,0.5), (0.5, 0.5), (0.5, 0.5), (0.5, 0.5)} (0.5,0.5) 1. 1. 0.
{1.,0.),(0. ,1. ), (1. ,0. ), (0. , 1. )} (0.5,0.5) 1. 0. 1.

2.5 Case Study: Student Performance Prediction

2.5.1 Problem Setting

Student performance prediction is extensively discussed in OR literature
(Coussement et al., [2020; Deeva et al., 2022; Delen et al., 2020; Olaya et
al.,[2020; Phan et al.,[2023)). Common performance metrics include student
dropout, course certification, final course grade, pass/fail, etc. Developing
predictive models for student performance forms the basis for an educa-
tional early-warning system, where at-risk students are identified on time
and assisted with personalized support by course advisors. Therefore, in or-
der to deliver support, a predictive model should provide predictions being
both accurate and actionable.

Whitehill et al. (2017 and Gardner and Brooks (2018)) argue that most
prior research has poor actionability due to same course—same year evalua-
tion. This training paradigm creates a practical problem because the target
labels required by supervised learning algorithms only become available
after the final exam, when any support for students is too late. Alterna-
tives that resolve this issue are training on a previous edition of the course,
or training on a different course altogether if there is no previous edition
available.

The case study applies the uncertainty framework to NNs and investi-
gates uncertainty estimation as an XAl technique in a predictive setup sub-
ject to distribution shifts. The results are compared to a standard NN only
capable of capturing data uncertainty, but no model uncertainty. The ex-
periment answers the call of GaSevic et al. (2016)) for research on changing
course conditions in student performance prediction, advocating that learn-
ing analytics should account for the fluid nature of technology use within a
course.
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Train Validation Test Shift
Same course-same year:
MITx/6.00x/2012_Fall MITx/6.00x/2012_Fall

x/6.00x/2012_Fal x/6.00x/2012_Fal MITx/6.00x/2012_Fall None

Same course-next year: Small

MITx/6.00x/2013_Spring ma

Other course-next year: Large

HarvardX/CB22x/2013_Spring 9
Figure 2.6: Experimental setup. A NN is trained on the course
“MITx/6.00x/2012_Fall”. Next, predictions are made for three
test  sets: (i)  “MITx/6.00x/2012_Fall” (same course—same year),

(ii)  “MITx/6.00x/2013 _Spring” (same course-next year), (iii) “Har-
vardX/CB22x/2013 Spring” (other course—next year).

2.5.2 Data

The dataset (MITx & HarvardX, consists of student-course records
of HarvardX and MITx massive open online courses (MOOCsSs) hosted on
the edX platform about a wide range of topics, over two semesters (fall
2012 and spring 2013). The binary target labels denote whether a student
scored a grade high enough to earn a certificate; features include processed
clickstream activities and student demographics.

2.5.3 Experimental Setup

The experimental setup is detailed in Figure 2.6] First, the NN is trained
on the course “MITx/6.00x/2012_Fall”, denoting the MITx course 6.00x
“Introduction to Computer Science and Programming” of fall 2012. This
course is selected because it has the largest number of observations and is
offered in both semesters. Next, predictions are made on three test sets: (i)
same course—same year: “MITx/6.00x/2012 _Fall”, (ii) same course—next
year: “MITx/6.00x/2013_Spring”, and (iii) other course—next year: “Har-
vardX/CB22x/2013_Spring”. Course CB22x is titled “The Ancient Greek
Hero” and is selected as an extreme case because it is a non-STEM course
offered by a different university. It is important to note that the input fea-
tures gathered for HarvardX and MITx courses are identical because they
are both hosted on the edX platform.

Predicting on the three test sets represents three different distribution
shifts. This ranges from (i) no shift (same course—same year), to (ii) small
shift (same course—next year), to (iii) large shift (other course—next year).
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The situation of no shift serves as a baseline because it is often used in
literature, despite being practically infeasible.

The data include students who accessed at least half of the chapters in
the course material, with the training set having a class distribution of 56/44
and 2000 observations. The three test sets have a class distribution of (i)
56/44, (ii) 46/54, and (iii) 72/28, respectively.

All three methods (standard, MC Dropout, Deep Ensembles) use the
same NN configuration as the building block. The NN is a multi-layer per-
ceptron with 2 hidden layers, each containing 64 hidden units, a ReLU ac-
tivation function, a dropout rate of 0.4 and 0.5, and Glorot uniform weight
initialization. The NNs are trained with the Adam optimizer and a binary
cross-entropy loss function for 50 epochs with a batch size of 32 and a
learning rate of 5 x 107, using early stopping. For MC Dropout, the NN
predicts 128 samples per input observation. For Deep Ensembles, 10 NNs
are trained, resulting in 10 samples per input observation. Results are aver-
aged over 10 runs with random data splits.

2.6 Results

2.6.1 Total Uncertainty

Figures [2.8] and 2.9 show the histograms of the uncertainty distribu-
tions for all three methods on all three shifts (rows); the total uncertainty
is decomposed into data and model uncertainty (columns). The vertical
dashed line denotes the mean of the uncertainty values, which can be used
to quickly compare centrality across distributions.

With increased distribution shift, data uncertainty consistently de-
creases for the standard NN, i.e., more mass is located at low uncertainty
values and the mean value decreases. For MC Dropout and Deep Ensem-
bles, data uncertainty remains equal when moving to the small shift before
decreasing substantially on the large shift. In contrast to data uncertainty,
model uncertainty grows rapidly for MC Dropout and Deep Ensembles.
The standard NN cannot capture model uncertainty (i.e., value zero for all
observations) and only relies on the decreasing data uncertainty to calculate
total uncertainty.
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Figure 2.7: Standard: uncertainty distributions. The histogram displays absolute
frequency and the dashed line denotes the mean value. With increased distribution
shift, data uncertainty decreases so total uncertainty decreases as well because the
standard NN does not capture model uncertainty.

Shift

Total uncertainty

Data uncertainty

Model uncertainty

None

Small

Large

Figure 2.8: MC Dropout: uncertainty distributions. The histogram displays ab-
solute frequency and the dashed line denotes the mean value. With increased dis-
tribution shift, data uncertainty stagnates or decreases while model uncertainty
increases consistently. As a result, MC Dropout has increased total uncertainty.

In summary, for increased distribution shift, the standard NN has de-
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Shift Total uncertainty Data uncertainty Model uncertainty

None

Small

Large

Figure 2.9: Deep Ensembles: uncertainty distributions. The histogram displays
absolute frequency and the dashed line denotes the mean value. With increased
distribution shift, data uncertainty stagnates or decreases while model uncertainty
increases consistently. As a result, Deep Ensembles has increased total uncer-
tainty.

Table 2.2: Accuracy (%). Accuracy degrades with increased distribution shift for
all NNs. For a small and large shift, MC Dropout and Deep Ensembles outperform
the standard NN. Mean + standard error are reported.

Shift Standard MC Dropout Deep Ensembles
None 88.17 £ 0.10 87.81 £ 0.25 88.53 £ 0.11
Small 63.85 £ 0.92 84.43 £ 1.04 84.93 £ 0.52
Large 27.93 + 0.00 45.05 + 4.30 31.01 + 1.57

creased total uncertainty, whereas MC Dropout and Deep Ensembles have
rapidly increased total uncertainty. In other words, the standard NN be-
comes more confident as the inputs stray away from the training data dis-
tribution, which is undesirable behavior. This is in contrast to MC Dropout
and Deep Ensembles, which indicate that the NN “knows what it does not
know.”
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2.6.2 Accuracy

Table [2.2] shows the accuracy for all three methods (columns) on all three
shifts (rows). It is important to note that MC Dropout and Deep Ensem-
bles average over the different samples to get the final probability vector,
capturing model uncertainty.

On increasingly shifted data, the accuracy degrades for all three meth-
ods, as expected. For no shift, MC Dropout has a slightly lower accuracy
than the standard NN while Deep Ensembles performs slightly better. For a
large shift, all NNs perform poorly because they tend to naively predict the
minority class, which illustrates how difficult the task is. The results of MC
Dropout also have a larger standard error in this situation, indicating that
the model results alternate between predicting the minority class and mak-
ing more sensible predictions. In the situation of a small shift, information
contained in different samples (i.e., model uncertainty) has a big impact
on accuracy; MC Dropout and Deep Ensembles improve substantially over
the standard NN. That is, the standard NN has an accuracy of 63.85%, MC
Dropout has 84.43%, and Deep Ensembles has 84.93%.

It is worth noting that although all methods have poor accuracy under
a large shift, MC Dropout and Deep Ensembles raise a warning through
increased uncertainty whereas the standard NN is confidently wrong. The
uncertainty values are then used to reject the most uncertain observation,
i.e., classification with rejection.

2.6.3 Non-rejected Accuracy

Figure [2.10] (left column) displays the non-rejected accuracy for all three
methods on all three shifts (rows), based on the total uncertainty. Note that
the curve at rejection 0.0% corresponds to the method’s accuracy without
rejection in Table[2.2]

In the situation of no shift (top row), all three methods achieve 100%
accuracy. The same holds for a small shift (middle row), despite that the
standard NN started at a substantially lower initial accuracy. For a large
shift (bottom row), initial accuracies are all poor but only MC Dropout and
Deep Ensembles manage to increase the accuracy by rejecting the most un-
certain observations. Deep Ensembles performs better with 95% accuracy
at rejection rate 0.95, whereas MC Dropout only obtains 80% accuracy.
The standard NN, in contrast, has a large amount of observations with un-
certainty zero. Since these uncertainty values are identical, observations
are rejected randomly, causing the non-rejected accuracy to stagnate at the
initial accuracy.

Only MC Dropout and Deep Ensembles have informative uncertainty
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Figure 2.10: Classification with rejection. NRA, CQ, and RQ are displayed for
increased distribution shifts, for all three models. Under a large distribution shift,
the standard NN'’s uncertainty estimates are uninformative and rejections are ran-
dom. This is evidenced by the stagnating NRA, ever-increasing CQ and low RQ.

values so that appropriate observations are rejected, effectively increasing
the NRA. The standard NN, on the other hand, fails to increase the NRA
under large distribution shifts.

2.6.4 Classification Quality

Figure [2.10] (middle column) shows the classification quality for all three
methods on all three shifts (rows), based on the total uncertainty. Classifica-
tion quality measures the correct decision-making of the classifier-rejector;
accurately classified samples should be retained and misclassified samples
should be rejected. In other words, the curve shows where the maximum
number of correct decisions is made.

In the situation of no shift (top row), all three curves decrease gradually,
indicating that the majority of rejected observations are correctly classified.
As such, it is optimal to not reject any observations. When a distribution
shift is present (middle and bottom row), MC Dropout and Deep Ensembles
obtain the point of optimal decision-making at smaller rejection rates than
the standard NN. For the small shift (middle row), MC Dropout and Deep
Ensembles obtain the maximum CQ at rejection rate 0%; the standard NN
needs 50% rejections.
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For the large shift (bottom row), the CQ curve of the standard NN keeps
on increasing, i.e., it would be best to reject all observations. In contrast,
MC Dropout and Deep Ensembles obtain the maximum value at rejection
rate 80%. At this rate, Deep Ensembles outperforms MC Dropout with
a CQ of 0.80, as compared to MC Dropout’s CQ of 0.63. These findings
indicate that the uncertainty estimates of the standard NN are least effective
at deciding whether observations should be retained or rejected, and that
Deep Ensembles is more effective than MC Dropout.

2.6.5 Rejection Quality

Figure[2.10] (right column) displays the rejection quality for all three meth-
ods on all three shifts (rows), based on the total uncertainty. Rejection
quality measures the ability to reject misclassified samples. That is, it com-
pares the proportion of misclassified to accurately classified samples on the
set of rejected samples with that proportion on the entire data set.

In the situation of no shift (top row), all three curves decrease rapidly,
indicating that the proportion of misclassified observations in the rejected
set decreases as more observations are rejected, which is undesirable. For
the small shift (middle row), MC Dropout and Deep Ensembles obtain the
highest RQ at rejection rate 0%. In contrast, the standard NN requires 40%
rejections to do the same.

For the large distribution shift (bottom row), Deep Ensembles outper-
forms the other two methods by achieving much higher RQ values. This
finding indicates that the majority of rejected observations are misclassi-
fied, effectively improving the NRA. MC Dropout has lower RQ values,
with the NRA curve increasing slower. The standard NN falls quickly to
RQ value 1.0, indicating that the uncertainty estimates are uninformative
and rejections are random. This trend is reflected in the stagnating NRA.

2.7 Discussion

Methods with uncertainty estimation as XAl perform on par or better than
the standard NN. If there is no shift, there is no difference between the
methods. However, from the point a distribution shift is present, uncertainty
estimation leads to optimal decision-making at smaller rejection rates. For
small shifts, capturing model uncertainty induces higher initial accuracy
and fewer rejections to obtain a specific level of accuracy. For large dis-
tribution shifts, it issues a warning about novel observations so the system
can reject predictions accordingly, unlike the standard NN.

Uncertainty as XAl fosters appropriate trust in an ML system by also
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capturing model uncertainty, indicating when an observation lies outside
the observed training data. The results show that the model uncertainty val-
ues are sensitive to changes in the data distribution, providing an important
source of information to the decision maker not available in the standard
NN. Furthermore, robustness is improved as the total uncertainty grows
with increasing distribution shifts, while uncertainty values in the standard
NN decrease. Finally, actionability is increased by directly using the un-
certainty information in a classification with rejection system, raising the
NRA even under large distribution shifts.

Continuing on the increased actionability, the decision maker should
inspect Figure [2.10] to decide on the appropriate rejection threshold given
the specific labeling budget and accuracy requirements. For example in the
situation of no shift, it would be sensible to label at most 20% of the obser-
vations as the CQ and RQ decrease quickly, resulting in a slowly increasing
NRA curve. In contrast, for the large shift, the full labeling budget can be
used as the NRA continues to improve.

2.8 Conclusion

This chapter proposes a general uncertainty framework positioning un-
certainty estimation in ML models as an XAl technique, giving local and
model-specific explanations. Furthermore, the framework uses classifica-
tion with rejection to reduce misclassifications by bringing a human expert
in the loop for uncertain observations. Finally, the framework is applied to
a case study of NNs in educational data mining subject to distribution shifts.
The case study demonstrates that standard NNs only capturing data un-
certainty are confidently wrong when confronted with distribution shifts. In
contrast, NNs equipped with uncertainty estimation as XAl raise a warning
in novel situations through increased model uncertainty, offering a solution
to their overconfidence. Deep Ensembles outperform MC Dropout as an
XAI technique with higher quality uncertainty estimates, obtaining higher
accuracy when rejecting the most uncertain observations. Uncertainty as
XAl improves the model’s trustworthiness in downstream decision-making
tasks, giving rise to more actionable and robust ML systems in OR.
Several directions for future work are possible. The case study only
considers knowing the target labels in time due to limitations in the data;
studies also satisfying the requirement for input features would help val-
idate the findings. Although this chapter focuses on uncertainty for NN
classifiers, uncertainty can also be quantified for NN regression models and
other ML models such as Gaussian Processes (Price et al.,[2019) and Ran-
dom Forests (Shaker & Hiillermeier, 2020). Finally, uncertainty as XAl
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can be used in active learning, where limited labeled training data is avail-
able and the ML system can ask a human expert to label the most uncertain
observations (Kadzinski & Ciomek, [2021)).

Reflections and Clarifications

Trust Calibration and Actionability

In the context of trust in ML systems, the field of Human-Computer Interac-
tion distinguishes two key concepts: appropriate trust and trust calibration
(Mehrotra et al., [2024). Appropriate trust refers to the alignment between
users’ perceived and the system’s actual performance. When appropriate
trust is achieved, practitioners rely on correct predictions for downstream
decisions and disregard incorrect ones. In contrast, over-trust and under-
trust occur when users respectively overestimate or underestimate a sys-
tem’s reliability, leading to misuse (i.e., overreliance on Al tools) or disuse
(i.e., neglect or underutilization) (Parasuraman & Riley, [1997). Accord-
ingly, trust calibration denotes the process by which users adjust their ex-
pectations of an ML system’s reliability and trustworthiness.

We argue that UQ in ML systems is an essential mechanism for foster-
ing appropriate trust among educational professionals. Chapter [2] demon-
strates that, in models capturing both aleatoric and epistemic uncertainty,
there exists a strong association between high uncertainty estimates and
incorrect predictions. This relationship is evidenced by the increasing non-
rejected accuracy curves observed under large distribution shift, whereas a
standard NN fails to meaningfully filter uncertain predictions. By leverag-
ing UQ, practitioners can use the estimated uncertainty of each prediction
to decide whether it should be accepted or rejected, an approach known as
classification with rejection.

Within the broader discussion of trust calibration, emphasis is often
placed on the adoption and acceptance of Al tools (Afroogh et al., 2024),
reflecting the challenges of both misuse and disuse. This aligns directly
with the actionable nature of UQ and classification with rejection: given
an uncertainty threshold and an estimated uncertainty value, the framework
provides clear guidance on whether a prediction should be retained or de-
ferred to a human expert for review. In this sense, UQ delivers actionable,
instance-level insights that support more reliable and informed human-Al
collaboration.
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Desirable Properties of XAI methods

Doshi-Velez and Kim (2017) list six desirable properties of “ML systems”,
referring to the combination of an ML model and an XAI method on top of
it. The properties are defined as follows:

1. Fairness or unbiasedness: protected groups (explicit or implicit) are
not somehow discriminated against.

2. Privacy: the method protects sensitive information in the data.

3. Reliability and robustness: ascertain whether algorithms reach cer-
tain levels of performance in the face of parameter or input variation.

4. Causality: the predicted change in output due to a perturbation will
occur in the real system.

5. Usable: information that assist users to accomplish a task.
6. Trusted: ML systems have the confidence of human users.

The authors note that “in many cases, formal definitions remain elusive”,
meaning that definitions are difficult to achieve. In our work, we rephrase
“usability” to “actionability” because this fits better in the scope of the
chapter.

Alternative Approaches to UQ for NNs

In Chapter 2] we focus on two approaches that capture both aleatoric and
epistemic uncertainty, belonging broadly to either (i) approximate Bayesian
or (ii) ensembling techniques. It is worth noting, however, that the distinc-
tion between these categories is often subtle. In this work, we describe
Monte Carlo (MC) Dropout as an approximate Bayesian method and Deep
Ensembles as an ensembling approach. Nonetheless, some studies clas-
sify Deep Ensembles as approximate Bayesian (Wilson, 2020), arguing that
“Deep ensembles have been mistaken as competing approaches to Bayesian
methods, but can be seen as approximate Bayesian marginalization”. Con-
versely, MC Dropout is sometimes interpreted as an implicit ensembling
technique, “dropout may also be interpreted as ensemble model combina-
tion where the predictions are averaged over an ensemble of NNs (with
parameter sharing)” (Lakshminarayanan et al., 2017)).

An alternative approximate Bayesian approach is stochastic variational
inference (SVI), which assumes that NN weights follow a Gaussian dis-
tribution. While promising in theory, SVI doubles the number of weight
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parameters by estimating both the mean (1) and standard deviation (o)
of the approximating Gaussian and requires a reparameterization trick to
enable backpropagation (Kingma & Welling, 2014). Ovadia et al. (2019)
benchmarked SVI against MC Dropout and Deep Ensembles, finding that
SVI performs well on small datasets (e.g., MNIST, CIFAR) but struggles to
scale to larger datasets such as ImageNet or to more complex architectures
like long short-term memory (LSTM) NNs.

Beyond these approaches, several other model families have been de-
veloped for UQ, including evidential deep learning and distance- or density-
based methods. Evidential deep learning adopts a frequentist perspective,
introducing specialized loss functions that estimate a second-order distribu-
tion over outcomes, from which aleatoric and epistemic uncertainties can
be estimated. For instance, in classification tasks, instead of predicting
a Bernoulli parameter 6, such models predict the parameters (o, 3) of a
Beta distribution. Although these methods have gained traction (Park et al.,
2023)), their ability to represent epistemic uncertainty faithfully has been
questioned (Jiirgens et al.,[2024)).

For distance-based methods, deterministic uncertainty quantification
(DUQ) (Van Amersfoort et al.,[2020) extends the idea of Radial Basis Func-
tions (RBFs) to derive uncertainty estimates from a single deterministic
NN. For density-based methods, Natural Posterior Network (Charpentier et
al.,[2022) fits a single density function in a learned low-dimensional latent
space to obtain second-order distributions. While these approaches pro-
vide uncertainty estimates via a single forward pass, they remain relatively
niche, likely due to their limited probabilistic grounding.

A related but distinct research line focuses on OOD detection (Shafaei
et al.,2019). However, fair comparison with the previously mentioned UQ
methods is challenging due to differing modeling assumptions. For ex-
ample, some OOD detection approaches rely on access to a known OOD
dataset during training or introduce an additional “none-of-the-above”
class.

Other techniques that only capture aleatoric uncertainty, no epistemic
uncertainty, are popular in literature. A well-known example is tempera-
ture scaling, a post-hoc calibration technique that adjusts softmax outputs
using a validation set. Temperature scaling has been shown to produce
well-calibrated predictions on i.i.d. test data (Guo et al., 2017), but its
performance degrades under distribution shifts, where methods capturing
epistemic uncertainty perform better (Ovadia et al., 2019).

Another prominent framework is conformal prediction (CP) (Vovk et
al., [2003)), a frequentist approach that represents uncertainty through pre-
diction sets that guarantee coverage of the true label with a user-specified
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probability. However, Cabezas et al. (2025) observe that applying CP di-
rectly to the output of a standard NN fails to capture epistemic uncer-
tainty, often resulting in overconfident predictions in data-sparse regions.
Although CP alone does not model epistemic uncertainty, recent research
has explored its integration with existing UQ techniques to enhance their
reliability. We elaborate on these approaches in the following section.

Alternative Approaches to UQ outside NNs

This study does not aim to advocate for NNs over traditional ML mod-
els in student performance prediction. Rather, it seeks to illustrate how
such learning analytics tasks inherently involve distribution shifts and how
NNs’ overconfidence under these conditions can lead to misleading or even
harmful predictions. Our goal is to raise awareness of the risks posed by
distribution shifts in ML applications. In this context, it is also valuable
to reflect on alternative ML approaches that are specifically designed for
tabular data.

A prominent class of such methods not discussed in Chapter 2] are
gradient-boosted decision trees (GBDTs). These models can also cap-
ture aleatoric and epistemic uncertainty, provided their standard formu-
lations are suitably adapted (Duan et al., 2020). For instance, in Cat-
Boost, a widely used GBDT implementation optimized for categorical
input features, aleatoric uncertainty can be modeled in regression set-
tings—something not accounted for in standard regression models (Ma-
linin et al., 2021). Instead of outputting only the mean p of a ho-
moscedastic Gaussian distribution, CatBoost can predict both the mean
w1 and the standard deviation o of a heteroscedastic Gaussian. Since the
ground-truth values of o are not observed, they are learned via a spe-
cialized loss function known as learned loss attenuation (implemented as
RMSEWithUncertainty in the Python package catboost). This ap-
proach closely parallels the estimation of aleatoric uncertainty in NN re-
gressors (Kendall & Gal, 2017). For classification, CatBoost inherently
provides aleatoric uncertainty, requiring no modification.

Epistemic uncertainty can also be derived from an existing GBDT
model using a technique known as virtual ensembles, which leverages
the fact that a GBDT is itself an ensemble of decision trees (Malinin
et al., [2021). Because the trees are built sequentially and therefore
not fully independent, the virtual ensemble method constructs “trun-
cated” sub-models from the original GBDT and treats these as ensem-
ble members. In CatBoost, this functionality is available through the
virtual_ensembles_predict function, which serves as a direct al-
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ternative to the standard predict function.

Reliable and Explainable UQ

Javanmardi et al. (2025) emphasize that, despite their advantages, methods
capturing both aleatoric and epistemic uncertainty “lack a formal notion of
reliability in the uncertainties they express”. This observation raises impor-
tant questions about the reliability of existing UQ techniques.

In this regard, CP plays a crucial role, as it provides a principled frame-
work for converting any heuristic measure of uncertainty, regardless of the
underlying model, into one with formal statistical guarantees (Angelopou-
los & Bates, [2021)). The intersection of UQ methods and CP has recently
attracted growing attention. For instance, Rossellini et al. (2024) propose
incorporating epistemic uncertainty into conformalized quantile regression,
while Karimi and Samavi (2024) design a nonconformity score derived
from evidential uncertainty estimates. Similarly, Cabezas et al. (2025) com-
pute nonconformity scores using approximate Bayesian models, and Javan-
mardi et al. (2025)) introduce Bernoulli prediction sets (BPS), a set-based
approach that applies CP principles to epistemic uncertainty estimates.

Another important direction in UQ concerns the explainability of the
uncertainty estimates themselves. Although UQ is positioned here as
an XAl technique for communicating when model predictions should or
should not be trusted, it does not inherently explain why a given observa-
tion exhibits high or low uncertainty. To address this, attribution-based XAl
methods for UQ are needed. Research in this area remains scarce: Watson
et al. (2023)), for example, adapt the Shapley value framework to attribute
the contribution of individual features to model uncertainty. We anticipate
that greater attention will be devoted to XAI for UQ once the field has ad-
dressed its foundational challenges, most notably, ensuring the reliability
of uncertainty estimates, as discussed above.

Classification with Rejection

To clarify the classification with rejection workflow, we present pseudocode
in Algorithm I} illustrating how the methodology can be applied during de-
ployment. It is important to note that determining the optimal uncertainty
threshold 7 during model development requires human judgment in bal-
ancing the NRA, CQ, and RQ metrics. As this process involves subjective
trade-offs, it cannot be readily formalized as pseudocode.

In this framework, observations are typically rejected based on their to-
tal uncertainty, defined as the sum of aleatoric and epistemic components.
From a practical standpoint, the specific source of uncertainty, whether
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Algorithm 1 Classification with Rejection: Deployment

Require: Trained model M, uncertainty threshold 7
Require: Dataset D = {x;,X2,...,XN}
Ensure: Final label set Y = {y1,y2,...,yn}
I Y+ 0
: fori =1to N do
(Ui, u;) — M(x;) > u; represents total uncertainty
if u; > 7 then
y; < HUMANEXPERT(X;)
else
Yi < Ui
end if
Append y; to Y
end for
: return )

D A S

—_
- e

aleatoric or epistemic, is less relevant when the objective is to minimize
misclassifications. As long as the most uncertain (and thus most error-
prone) predictions are rejected first, the non-rejected accuracy naturally
improves.

Sources of Uncertainty

The distinction between aleatoric and epistemic uncertainty is not always
clear-cut. Importantly, there are no ground-truth values for either type of
uncertainty. Hiillermeier and Waegeman (2021)) emphasize that ‘““aleatoric
and epistemic uncertainty should not be seen as absolute notions. In-
stead, they are context-dependent in the sense of depending on the setting
(X,Y,H,P). Changing the context will also change the sources of un-
certainty: aleatoric may turn into epistemic uncertainty and vice versa’.
Here, X denotes the input space (the set of instances), ) the output space
(the set of outcomes), H the hypothesis space (the model), and P the data-
generating process. A similar perspective is offered by Der Kiureghian and
Ditlevsen (2009), who note that “these concepts only make unambiguous
sense if they are defined within the confines of a model of analysis”.
Moreover, aleatoric and epistemic uncertainty are not entirely indepen-
dent. Consider, for instance, disease detection in X-ray imaging: a blurry
image introduces aleatoric uncertainty (noise inherent in the data), while
the presence of a rare disease reflects epistemic uncertainty (limited model
knowledge). A blurry image of a rare disease combines both sources, mak-
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ing it difficult for the model to disentangle uncertainty arising from noise
versus ignorance, an interplay that depends on model capacity and data
coverage.

Because there are no ground-truth uncertainty values, evaluating the
quality of uncertainty estimates remains a challenging problem. A common
indirect approach is to assess UQ through classification with rejection. If
uncertainty estimates are reliable, incorrect predictions should exhibit high
uncertainty, leading to an increase in NRA as the most uncertain observa-
tions are progressively rejected.

Neural Network Settings

Hyperparameters for the standard NN architecture were selected through
manual tuning, optimizing for validation accuracy. The tuned hyperparam-
eters include the number of hidden layers, number of hidden units, batch
size, learning rate, and dropout rate. For MC Dropout, we adopted the same
hyperparameter configuration, as its architecture is identical to the standard
NN, except that dropout remains active during inference. For Deep Ensem-
bles, each ensemble member was trained using the same hyperparameter
settings as the standard NN.

The choice of the number of samples and ensemble members was
guided by the benchmarking study of Ovadia et al. (2019). Across their
experiments, the authors used different sample sizes for stochastic meth-
ods such as MC Dropout, depending on the dataset and NN architecture:
for MNIST, 300 and 128 samples (images, 2-layer MLP and LeNet); for
CIFAR-10, 128 (images, ResNet-20); for ImageNet, 128 (images, ResNet-
50); for Newsgroups, 5 (text, LSTM); and for Criteo, 128 (tabular, 3-layer
MLP). Based on these insights, we used 128 samples for MC Dropout, con-
sistent with their configuration for image and tabular data. Their results fur-
ther indicate that increasing the number of samples enhances performance,
though improvements plateau beyond approximately five samples.

For Deep Ensembles, Ovadia et al. (2019) employed 10 ensemble mem-
bers across all experiments, a setup we also adopt. Similarly to MC
Dropout, they observed that performance improves with more ensemble
members but exhibits diminishing returns beyond five.

Overall, the benchmarking study of Ovadia et al. (2019), covering di-
verse datasets and NN architectures, suggests that these UQ methods are
robust to variations in model size, sample size, and dataset scale, with no
strict requirements on them.
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Active Learning to Guide Labeling
Efforts for Question Difficulty
Estimation

This chapter is based on a study published in the 2nd Workshop on Respon-
sible Knowledge Discovery in Education (RKDE) at ECML-PKDD 2024
in Vilnius, Lithuania (Thuy et al., 2024). The versions are identical except
for minor language adjustments.

Abstract

In recent years, there has been a surge in research on Question Dif-
ficulty Estimation (QDE) using natural language processing techniques.
Transformer-based neural networks achieve state-of-the-art performance,
primarily through supervised methods but with an isolated study in unsu-
pervised learning. While supervised methods focus on predictive perfor-
mance, they require abundant labeled data. On the other hand, unsupervised
methods do not require labeled data but rely on a different evaluation metric
that is also computationally expensive in practice. This work bridges the re-
search gap by exploring active learning for QDE—a supervised human-in-
the-loop approach striving to minimize the labeling efforts while matching
the performance of state-of-the-art models. The active learning process iter-
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atively trains on a labeled subset, acquiring labels from human experts only
for the most informative unlabeled data points. Furthermore, we propose a
novel acquisition function PowerVariance to add the most informative sam-
ples to the labeled set, a regression extension to the PowerBALD function
popular in classification. We employ DistilBERT for QDE and identify in-
formative samples by applying Monte Carlo dropout to capture epistemic
uncertainty in unlabeled samples. The experiments demonstrate that ac-
tive learning with PowerVariance acquisition achieves a performance close
to fully supervised models after labeling only 10% of the training data.
The proposed methodology promotes the responsible use of educational
resources, makes QDE tools more accessible to course instructors, and is
promising for other applications such as personalized support systems and
question-answering tools.

3.1 Introduction

Question Difficulty Estimation (QDE), also known as question calibration,
is a regression task that estimates a question’s difficulty directly from the
question and answers’ text. It is a crucial task in personalized support tools
like computerized adaptive testing (Van der Linden & Glas, 2000), which
tailors questions to a student’s skill level. If the questions are too easy or
too difficult, the student might lose motivation, negatively affecting their
learning outcome (Wang et al.,[2014).

Traditionally, QDE has been performed with manual calibration (Attali
et al., 2014} and pretesting (Lane et al., 2016)), which are time-consuming
and expensive. Recent studies aim to address these limitations by leverag-
ing natural language processing (NLP) techniques. The NLP approaches
train machine learning models to estimate question difficulty from its text.
Once trained, the models can quickly calibrate unseen questions, reducing
the need for pretesting and manual calibration.

Supervised techniques dominate QDE with state-of-the-art results
(Benedetto et al., 2021; Zhou & Tao, |2020) by fine-tuning the publicly
available pre-trained models BERT (Devlin et al., 2019) and DistilBERT
(Sanh et al., [2019). However, fine-tuning often requires a large labeled
dataset containing tens of thousands of calibrated questions, almost impos-
sible to collect for individual course instructors developing QDE tools on
their exam data. An isolated study (Loginova et al.,2021)) has delved into an
unsupervised approach, relying solely on additional pre-training and evalu-
ating pairwise difficulty. Although this approach is helpful, its performance
cannot be directly compared to supervised methods and is more computa-
tionally expensive in practical implementations.
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3.2 RELATED WORK

In this work, we explore active learning (AL) (Settles, 2009) for QDE,
a data-efficient supervised approach aiming to minimize the labeling work
for human annotators while matching the performance of state-of-the-art
models. AL operates by iteratively training a model on an increasingly
growing labeled subset by acquiring labels from an expert only for the most
informative unlabeled data points. This human-in-the-loop strategy allows
us to preserve the well-established supervised evaluation methods, effec-
tively bridging the gap between the performance-driven supervised domain
and the data-centric unsupervised domain. Moreover, we propose a novel
acquisition function PowerVariance to add the most informative samples to
the labeled set while limiting redundant information, a regression extension
to the PowerBALD function (Kirsch et al., [2023)) popular in classification.
We use DistilBERT (Sanh et al.,|2019) for QDE and find informative sam-
ples by applying Monte Carlo (MC) dropout (Gal & Ghahramani, 2016)) to
capture epistemic uncertainty over the unlabeled samples.

The proposed methodology contributes to the responsible use of edu-
cational resources by drastically reducing the labeling work, making the
development of QDE tools more accessible to course instructors. The find-
ings have positive implications for a variety of applications like personal-
ized support tools, essay correction tools, and question-answering systems.

The remainder of the chapter is organized as follows. Section pro-
vides an overview of related work, followed by the proposed AL methodol-
ogy in Section Experimental details are discussed in Section (3.4} with
the results and discussion presented in Section Finally, Section
concludes the chapter. The code is available in a GitHub repository.

3.2 Related Work

Earliest NLP research on QDE from text primarily focused on multiple-
choice questions (MCQs), employing bag-of-words techniques and assess-
ing similarities among questions, correct choices, and incorrect choices
(Alsubait et al., 2013; Kurdi et al., 2017; Yaneva et al., [2018]). However,
these methods have been outperformed by more recent machine learning
approaches.

Machine learning approaches to QDE fall into two main categories: (i)
those involving distinct feature engineering and regression phases, and (ii)
end-to-end neural networks (NNs). The former encompasses a wide range
of features, including linguistic features, text embeddings, frequency-based
features, and readability indexes. Several studies have also explored com-

Thttps://github.com/arthur-thuy/qde-active-learning
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binations of these feature techniques (Benedetto, 2023)). Common machine
learning regression models in this group include random forests, support
vector machines, and linear regression (Benedetto et al., [2023)).

End-to-end NN approaches in previous research primarily rely on
Transformer models (Vaswani et al., 2017)), which can be either super-
vised or unsupervised. Transformers are attention-based NNs pre-trained
on a large corpus of text. This generally yields superior performance with
shorter training times compared to training NNs from scratch, leveraging
the pre-existing knowledge of the pre-trained model.

Supervised estimation to QDE is most prevalent in the literature (Cheng
et al., 2019; Qiu et al., 2019; Tong et al., 2020). Fine-tuning the pub-
licly available pre-trained models BERT (Devlin et al., [2019) and Distil-
BERT (Sanh et al., 2019) on the task of QDE gives state-of-the-art results
(Benedetto et al., 2021} Zhou & Tao, [2020) and has been shown to outper-
form other approaches using traditional NLP-derived features (Benedetto,
2023).

Unsupervised estimation, aiming to avoid relying on labeled data en-
tirely, has received comparatively less attention. One study (Loginova et
al., [2021) estimates question difficulty by leveraging the epistemic uncer-
tainty in question answering models as an indicator of human-perceived dif-
ficulty. This approach involves additional pre-training without fine-tuning,
making it independent of labeled data. While helpful in estimating diffi-
culty, its performance cannot be directly compared to supervised estima-
tion as it evaluates pairwise difficulty. Moreover, it poses computational
challenges in practice because numerous pairwise evaluations are required
to determine an overall difficulty ranking of unseen questions.

3.3 Methodology

3.3.1 Active Learning

AL (Settles, |2009) is a human-in-the-loop technique for achieving data ef-
ficiency. Instead of collecting and labeling a large dataset before train-
ing, which is time-consuming and expensive, AL iteratively acquires labels
from an expert annotator only for the most informative data points from a
pool of unlabeled data. After each acquisition step, the newly labeled points
are added to the training set, and the model is retrained. This process is re-
peated until reaching a desired level of accuracy or until the labeling budget
is exhausted, aiming to minimize the labeling work of human annotators.
Figure[3.1|provides a visual overview of the AL workflow, employing pool-
based sampling as described.
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Figure 3.1: Active learning workflow with pool-based sampling. Active learning
iteratively trains on a subset of labeled data and acquires labels from an expert
annotator for samples in the unlabeled pool. Adapted from Settles (2009)).

In AL, the informativeness of new points is assessed by an acquisition
function. The acquisition function typically relies on epistemic uncertainty
over unlabeled data, which can be obtained with approximate Bayesian in-
ference techniques like MC dropout (Gal & Ghahramani, 2016)) or with
ensembling techniques (Lakshminarayanan et al., 2017; Thuy & Benoit,
2024al [2024b)). Epistemic uncertainty represents uncertainty in the model
parameters and is naturally high in regions of the input space with few
training observations (Der Kiureghian & Ditlevsen, [2009), precisely the
observations we want to add to the labeled set. For classification tasks, a
commonly used acquisition scoring function is Bayesian Active Learning
by Disagreement (BALD) (Houlsby et al.,|2011)), which estimates the epis-
temic uncertainty by measuring the variability among samples of the pre-
dictive distribution. Data points maximize this acquisition function when
the model assigns the highest predicted probability to a different class in
each sample. For regression tasks, the epistemic uncertainty is estimated
by the Variance among predictive samples (Settles, 2009). Similarly, data
points score high on this acquisition function when the model’s output
varies strongly across the samples.

3.3.2 Monte Carlo Dropout Uncertainty

Uncertainty in predictions can arise from two different sources: aleatoric
and epistemic uncertainty (Der Kiureghian & Ditlevsen, 2009). Aleatoric
uncertainty refers to the notion of randomness and is related to the data-
measurement process. This uncertainty is irreducible even if more data is
collected. Epistemic uncertainty accounts for uncertainty in the model pa-
rameters. In contrast to aleatoric uncertainty, collecting more data can re-
duce epistemic uncertainty. As such, it is interesting for acquisitions func-
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Figure 3.2: Top-K acquisition toy example. Acquisition scores for each unla-
beled pool point are ordered and the top-K points are selected.

Acquisition score

tions to select the unlabeled samples with the largest epistemic uncertainty.

We assume a regression task with inputs X, labels Y, and a discrimina-
tive regressor p(y | x). For the Bayesian MC dropout models, we further
assume a probability distribution over the parameters, p(6), and we have
p(y | x) = Epg)lp(y | x, 8)]. In a NN regressor, the output y repre-
sents the mean i of the conditional probability distribution N (px, o0 = 1),
for some input point x. The standard NN regressor only outputs a single
lx, hence does not capture any uncertainty. With MC dropout, multiple
estimates for px are obtained and the variance over these estimates is an
approximation for the epistemic uncertainty in data point x.

In MC dropout (Gal & Ghahramani, [2016), dropout is not only ap-
plied at training time but also at test time. Multiple forward passes are
performed, each time randomly dropping units and getting another thinned
dropout variant of the NN. As such, it can be seen as an implicit ensemble
method where each sample corresponds to an ensemble member. The vari-
ous samples approximate the true posterior predictive distribution, enabling
it to estimate the epistemic uncertainty in a data point.

3.3.3 PowerVariance Acquisition

In practical AL applications, instead of single data points, batches of data
points are selected in each acquisition step to minimize the frequency of
model retraining and expert involvement. A common heuristic involves
selecting the top-K highest-scoring points from an acquisition scheme
designed for single-point selection, i.e., top-K acquisition (Kirsch et al.,
2019) (Figure . However, this method overlooks interactions between
points within an acquisition batch because individual points are scored in-
dependently. For example, if the most informative point is duplicated in the
pool set, all instances will be acquired, which is wasteful.

To address this issue, acquisition functions designed explicitly for batch
acquisition with NN classifiers have been developed, such as BatchBALD
(Kirsch et al., 2019). These methods improve over top-K acquisition by
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accounting for the interaction between points but are computationally ex-
pensive. To limit the computational burden, Kirsch et al. (2023)) propose
to stochastically acquire points following a power distribution determined
by the single-acquisition scores. Intuitively, points with high acquisition
scores are more likely to be sampled. For example, for BALD, the method
is referred to as PowerBALD, demonstrating equal performance to state-of-
the-art batch acquisition functions like BatchBALD while requiring signif-
icantly less computational resources.

The stochastic acquisition strategy (Kirsch et al.,2023)) assumes that as
new samples are selected in a batch, future acquisition scores differ from the
current scores by a perturbation. This perturbation is modeled as Gumbel-
distributed noise for two reasons.

First, to select the k-th point in the acquisition batch of size K, it is
important to consider how much additional information (i.e., increase in
acquisition scores) the still-to-be-selected K — k points will provide. As
such, the stochastic strategy models the maximum future increase in ac-
quisition scores over all possible candidate points to complete the batch.
Empirically, acquisition scores are similar to a truncated exponential distri-
bution, with different rate parameters at each AL step. The maximum over
sums of such random variables is empirically shown to follow a Gumbel
distribution (Kirsch et al., 2023]).

Second, the Gumbel distribution is also mathematically convenient.
The Gumbel-Top-K trick (Kool et al.,|2019) shows that taking the highest-
scoring points from a distribution perturbed with Gumbel noise is equiva-
lent to sampling from a softmax distribution without replacement. Building
on this, perturbing the log-scores with Gumbel noise results in sampling
from a power distribution. Power acquisition assumes that scores are non-
negative and uninformative points should be avoided, a sensible approach
for AL.

We propose to extend this approach to regression settings, which is
currently underinvestigated, resulting in a PowerVariance acquisition func-
tion. Similar to BALD, the Variance scoring function is non-negative, with
zero variance indicating an uninformative sample due to no expected in-
formation gain. Consequently, the Variance function should also couple
well with power acquisition, mirroring the success seen with BALD and
PowerBALD.

More formally, for each candidate pool index ¢, the Variance score is

svar(i) = Var[p(y | x;, 0)]. 3.1)
The PowerVariance score is the perturbation of the log Variance score with
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Gumbel-distributed noise ¢; ~ Gumbel (0; 37 1)

SPowerVar (Z) = 1Og SVar (Z) + €. 3.2)

Following the Gumbel-Top-K trick (Kool et al., 2019), taking the top-K
points from spyyervqr 1S €quivalent to sampling without replacement from
the distribution p powervar

PPowerVar ('L) 0.8 SVar(i)ﬁ (33)

where 5 > 0 is a coldness parameter. Note that the coldness parameter (3
is different but similar to the temperature parameter ' = 1/ often used in
text-generation with language models. For 5 — oo, this strategy converges
towards top-K acquisition as it is more likely to only sample points with a
high score. For 8 — 0, it converges towards uniform acquisition because it
is more likely to also sample points with a low score.

3.4 Experiments

3.4.1 Data

RACE++ (Liang et al.,[2019) is a dataset of reading comprehension MCQs,
built by merging the original RACE dataset (Lai et al., 2017) with the
RACE-C dataset (Liang et al., 2019). Each question comprises a read-
ing passage, a stem, and four possible answer options, one of them be-
ing correct. Each question has one out of three difficulty levels (0, 1, 2),
which we consider as the gold standard for QDE. The difficulty levels cor-
respond to middle school, high school, and university-level questions; the
dataset is imbalanced, with a distribution of 25%, 62%, and 13% respec-
tively. Note that the dataset labels are all available; the labels are hidden and
revealed once requested by the acquisition function. The training split con-
tains 100,568 questions, while the validation and test splits contain 1000
and 5642 questions, respectively. There are no reading passages shared
across the splits.

3.4.2 Model Architecture

We fine-tune the publicly available pre-trained model DistilBERT on the
task of QDE. DistilBERT is a language model obtained by distilling BERT,
i.e., compressing BERT by training a small model to reproduce its full out-
put distribution (Hinton et al., 2015). The authors of Benedetto et al. (2023)
find that DistilBERT achieves comparable performance to BERT on QDE
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while using approximately half the parameter count. Limiting the computa-
tional expense is important in AL as the model needs to be fine-tuned over
multiple iterations.

To adapt DistilBERT for QDE, we stack a fully connected hidden layer
on top of the pre-trained language model, followed by the output layer. The
regression output layer has one unit, with its weights initialized randomly.
During fine-tuning, both the weights of the output head and the pre-trained
model are updated. We follow the input encoding of Benedetto (2023 and
concatenate the question and the text of all the possible answer choices
in a single sentence, divided by separator tokens. This configuration has
demonstrated slight improvements over using no answer choice at all or
only the correct answer.

Following previous research (Benedetto,|[2023)), we handle QDE on the
RACE++ dataset as a discrete regression problem. The QDE model is
trained as a regression model and outputs a continuous difficulty, which
is then converted to the closest discrete level with simple thresholds. As
evaluation metric, we compute the root mean squared error (RMSE) be-
tween the discrete predictions and discrete difficulty levels because of its
consideration for the order of difficulty levels. We refer to this metric as
“discrete RMSE”.

3.4.3 Active Learning Setup

The AL process starts with an initial labeled dataset of 500 observations,
randomly selected from the training set and following the training set dis-
tribution (i.e., 25%/62%/13%). In each iteration, the model is fine-tuned
for 10 training epochs and the parameters giving the best validation per-
formance are saved. We use the AdamW optimizer (Loshchilov & Hutter,
2019) with learning rate 2e-5 and batch size 64.

Subsequently, the model is evaluated on a random subset of the unla-
beled pool containing 5000 observations, from which 100 observations are
selected for labeling and added to the training set. As demonstrated by
Atighehchian et al. (2022), using a random subset instead of the entire pool
minimally impacts predictive performance while being more computation-
ally efficient. The configurations with MC dropout use 10 MC samples to
calculate epistemic uncertainty. Before training on the new training set, the
model weights are re-initialized to their original state. This involves using
pre-trained weights for the base model and randomly initialized weights for
the output layer with He initialization (He et al.,|2015)), effectively mitigat-
ing the risk of getting stuck in a poor local minimum. Table|3.1|displays all
hyperparameter settings for the model and AL setup.
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Table 3.1: Hyperparameter settings.

(a) Model (b) Active learning
Hyperparameter Value Hyperparameter Value
Model name DistilBERT Dataset name RACE++
Learning rate 2e-5 Data size 100,568/
Optimizer AdamW train/val/test 1000/5642
Weight decay 0.05 Initial labeled
Loss function MSE set size 500
Training epochs 10 Acquisition size 100
Train batch size 64 Pool subset size 5000
Eval batch size 256 Final labeled
Dropout rate 0.1 set size 10,000
Warmup ratio 0.1 MC samples 10
Sequence length 256

In the experiments, we compare three AL configurations: (i) Uniform
acquisition with a standard NN, (ii) top-K Variance acquisition with an
MC dropout NN, and (iii) PowerVariance acquisition with an MC dropout
NN. For PowerVariance acquisition, we follow Kirsch et al. (2023) and
set = 1 to limit the number of hyperparameters. Note that Uniform
acquisition is computationally cheaper because it does not predict on the
unlabeled pool, instead it randomly selects observations for labeling.

Additionally, we investigate the performance of three baselines: (i)
Random, (ii) Majority, and (iii) Supervised. The Random baseline ran-
domly predicts a difficulty level, the Majority baseline consistently predicts
level 1 (the most prevalent level in the training set), and the Supervised
baseline fine-tunes a model on the fully labeled training set. Consequently,
the Random and Majority baselines serve as performance lower bounds,
while the Supervised baseline sets an upper bound.

The experiments are implemented in PyTorch (Ansel et al., 2024) using
the BaalL (Atighehchian et al., 2022) and HuggingFace (Wolf et al., [2020)
packages, executed on an NVIDIA RTX A5000 GPU. The results are aver-
aged over five independent runs with random seeds, with a total runtime of
90 hours.

3.5 Results and Discussion

Section [3.5.1] explores the AL results, while Section provides a more
detailed analysis of the behavior of the acquisition functions.

62



3.5 RESULTS AND DISCUSSION

0.50 1 —— AL - Uniform
AL - Variance

0.48 —— AL - PowerVariance
w Baseline - Supervised
2 0.46
[ia
2
S 0.44 -
2
=}

0.42 A

0.40 -

2.0% 4.0% 6.0% 8.0% 10.0%
Percentage of labeled samples

Figure 3.3: Discrete RMSE as a function of the labeled dataset size. PowerVari-
ance acquisition outperforms Uniform and Variance acquisition by achieving the
lowest discrete RMSE scores as AL progresses. After labeling 10% of the data, its
performance is close to the fully supervised model.

3.5.1 Predictive Performance

Figure 3.3]shows the discrete RMSE in relation to the training dataset size.
For AL configurations, values to the lower left indicate better performance.
The Supervised baseline’s performance is represented by a horizontal line,
where lower is better. The Random baseline achieves a discrete RMSE
of 1.026 and the Majority baseline achieves 0.616. Note that these base-
lines are not shown in Figure [3.3]to avoid an excessively large vertical axis,
which complicates interpretation.

The findings reveal that fine-tuning on the initial labeled set (500 ob-
servations; 0.5%) performs exactly in between the Majority and Supervised
baselines. As the labeled training set expands, we observe a decrease in dis-
crete RMSE across all AL configurations. This finding demonstrates that
DistilBERT performs well with limited labeled data, consistent with previ-
ous research (Sun et al.,[2019) using the non-distilled BERT model.

Variance acquisition disappoints and performs on par with Uniform ac-
quisition. This result is surprising given that Variance acquisition uses MC
dropout to quantify epistemic uncertainty over the unlabeled pool points.
As such, naively selecting the top-K highest scoring-points does not yield
improved results.

In contrast, PowerVariance acquisition outperforms both Uniform and
Variance acquisition, achieving the lowest discrete RMSE score from 2%
of labeled samples onwards. Although PowerVariance’s RMSE advantage
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Figure 3.4: Active gain over Uniform acquisition as a function of the labeled
dataset size. Variance acquisition performs on par with passive learning, while
PowerVariance offers an active gain of 0.01 discrete RMSE.

over Random acquisition appears minimal due to the line curves being
close, a substantial number of labeled questions is needed to overcome this
advantage. After collecting a labeled set containing 10% of the available
samples, PowerVariance reaches a discrete RMSE score only 5% higher
than training on 100% of the training data.

AL with Uniform acquisition is often referred to as passive learning, as
samples are randomly selected from the unlabeled pool. Figure [3.4]illus-
trates the active gain in discrete RMSE, highlighting the performance dif-
ferences of Variance and PowerVariance over Uniform acquisition. Positive
values denote an advantage, while negative values indicate a disadvantage,
enabling relative comparisons among acquisition functions.

From 2% of labeled data onwards, PowerVariance exhibits a positive
active gain, averaging around 0.01 discrete RMSE. In contrast, Variance
acquisition does not offer advantages over passive learning. The next sub-
section delves deeper into the acquisition functions, examining the reasons
behind the performance differences.

3.5.2 Acquisition Behavior

To better understand how the acquisition functions behave, we visualize the
distribution of difficulty levels in the labeled set as training progresses (see
Figure [3.5). Initially, the labeled set is randomly sampled from the pool
following a 25%/62%/13% distribution for levels 0, 1, and 2, respectively.
Due to the small sample size (500 samples), slight deviations from this
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Figure 3.5: Distribution of difficulty levels in the labeled set as a function of the
labeled dataset size, per acquisition function. Similar to Variance, PowerVariance
selects more level 2 observations but does not neglect level 0 samples.

distribution are possible.

As expected, Uniform acquisition causes minimal changes in the level
distribution because samples are randomly selected from the unlabeled
pool. In contrast, Variance acquisition exhibits a distinctive pattern, se-
lecting many level 2 observations and few level O instances. The proportion
of level 2 samples increases from 13% to 45%, while level O samples de-
crease from 25% to merely 6%. These findings partially align with previous
studies (Atighehchian et al., suggesting that top-K strategies using
epistemic uncertainty target underrepresented classes. Variance acquisition
indeed prioritizes sampling from the most underrepresented class (level 2)
but does this primarily at the expense of level 0 observations, rather than
the majority class (level 1).

PowerVariance exhibits behavior that falls between Uniform and Vari-
ance acquisition. Like Variance acquisition, it selects more level 2 obser-
vations, increasing their proportion from 13% to 19%, while only slightly
reducing the level O proportion from 25% to 20%. As such, it is a less
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Figure 3.6: Discrete RMSE as a function of the dataset size, per individual diffi-
culty level. Variance and PowerVariance surpass Uniform acquisition on level 2,
but Variance underperforms on level 0.

aggressive approach compared to Variance acquisition.

Moreover, we analyze the impact of the acquisition strategies on the
predictive performance for each difficulty level individually. Figure [3.6]
displays the discrete RMSE performance per difficulty level.

For level 1 questions (Figure [3.6b), all acquisition functions have com-
parable performance as the line graphs overlap. However, we observe per-
formance differences on level 0 and level 2 questions.

For level 0 questions (Figure [3.6a), Variance acquisition performs
poorly as the orange curve is notably higher than the other curves. This
poor performance is a direct consequence of neglecting level O observa-
tions during acquisition.

For level 2 questions (Figure [3.6¢), Uniform acquisition performs
worst. Level 2 observations are the most difficult to estimate and the most
underrepresented in the initial labeled set. Variance and PowerVariance
sample a large number of these questions and therefore achieve good RMSE
scores, lower than Uniform acquisition. It is also worth noting that the per-
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formance of Variance and PowerVariance is very similar, although Variance
samples a much higher proportion of level 2 questions (45%) than Power-
Variance (19%).

For each difficulty level, PowerVariance acquisition performs on par
or better than Uniform and Variance acquisition. It leverages epistemic un-
certainty to sample more from underrepresented level 2 questions which are
most challenging to estimate, whereas Uniform acquisition naively samples
at random. Furthermore, PowerVariance recognizes redundant uncertainty
information in level 2 questions and instead samples from level O ques-
tions, whereas Variance neglects level O questions, significantly hampering
its performance.

3.6 Conclusion

This work explores AL for QDE, a supervised approach aiming to mini-
mize the labeling effort for human annotators while matching the perfor-
mance of state-of-the-art models. By using a human-in-the-loop method,
it bridges the gap between the performance-driven supervised domain and
the data-centric unsupervised domain. Additionally, we introduce a novel
acquisition function PowerVariance, which leverages epistemic uncertainty
from unlabeled samples obtained through MC dropout to identify the most
informative data points. Unlike conventional Variance acquisition, Power-
Variance is designed to limit redundant information in a batch of samples.

Experimental results indicate that the proposed PowerVariance acqui-
sition outperforms both Uniform and Variance acquisition. It effectively
selects observations from the minority difficulty level 2 for labeling and
does not neglect level O questions, an issue observed with Variance acqui-
sition. We see no reason for practitioners to consider the flawed top- K
Variance acquisition. Even with only 10% of the training data labeled, AL
with PowerVariance achieves good performance, only 5% higher discrete
RMSE than the model trained on 100% of the training data.

This methodology promotes the responsible use of educational re-
sources by significantly reducing the labeling work for educational profes-
sionals while maintaining predictive performance. Consequently, it makes
QDE tools more accessible to course instructors who might otherwise be
demotivated by the large number of calibrated questions required.

The study is potentially limited by the small number of coarse diffi-
culty levels. Course instructors are often reluctant to share exam questions,
making it challenging to find datasets with more realistic difficulty levels.
Future research can explore more fine-grained settings with more closely
spaced difficulty levels. The inability to use public datasets highlights the
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relevance of active learning strategies for course instructors when labeling
exam questions. Furthermore, adding difficulty levels may introduce class
imbalance, a scenario where PowerVariance performs strongly.

The proposed AL approach holds promise for diverse applications
such as personalized support tools, essay correction tools, and question-
answering systems. It can easily be adapted to alternative pre-trained lan-
guage models and datasets, as MC dropout works on any architecture that
uses dropout. For models not employing dropout, ensembles of NNs can
provide epistemic uncertainty, enabling similar AL strategies.

Reflections and Clarifications

Computational Cost

Reflecting on the experimental results, it becomes evident that the computa-
tional cost of active learning is substantially higher than that of conventional
supervised learning. By iteratively selecting samples for human annotation,
active learning effectively trades human effort for computational expense.
This trade-off highlights a broader infrastructural challenge discussed in
Chapter [T} institutions must decide between investing in on-premise com-
puting resources, requiring significant upfront costs, or leveraging pay-per-
use cloud services, which are often more accessible to smaller schools.
Looking ahead, we anticipate that the relevance of active learning will con-
tinue to grow, as the cost of human labor is expected to rise, while the cost
of computation will likely decline due to ongoing large-scale investments
in data center infrastructure.

Bias in Active Learning

A key consideration in active learning is sampling bias, i.e., the bias that
arises when the labeled subset is distributed differently from the overall
dataset. As noted by Settles (2009), sampling bias is an inherent charac-
teristic of nearly all active learning strategies. To some extent, such bias
is even desirable, as selectively oversampling minority classes can improve
predictive performance. However, the experimental results in Chapter
show that Top-K acquisition may excessively favor a minority class (level
2), to the point where the central class (level 0) is underrepresented, ul-
timately reducing overall performance. In contrast, the proposed Power-
Variance approach avoids this issue by striking a balance between Top-K
and Uniform acquisition, achieving superior performance while mitigating
excessive sampling bias.

68



3.6 CONCLUSION

Data Annotation with LLMs

Given the substantial cost associated with human annotation, an alternative
approach to reduce the amount of human labor is to employ an LLM as an
annotator instead of a human expert. This strategy effectively transforms
the paradigm from human-in-the-loop to LLM-in-the-loop.

A related concept is self-training (Amini et al.,[2025)), a variant of active
learning in which the same model used for training also generates labels,
commonly referred to as pseudo-labeling. However, relying on the same
model for both tasks can amplify bias in the labeled data, compounding
the inherent sampling bias already present in standard active learning. By
contrast, the LLM-in-the-loop approach offers a more robust alternative:
because the generative LLLM is pre-trained on diverse data sources and ex-
hibits different error patterns than the task-specific machine learning model,
it can provide complementary annotations. Moreover, interacting with a
generative LLM closely mirrors the process of engaging with a human an-
notator, making this approach both intuitive and practical in educational
settings.

PowerVariance Acquisition Function

The Power Variance acquisition function is not limited to NNs. It is a gen-
eral “query by committee” approach (Settles, [2009) that operates on a set
of model predictions to quantify the degree of disagreement, i.e., an indi-
cator of epistemic uncertainty. Consequently, PowerVariance can also be
applied to other model families, including Bayesian methods such as Gaus-
sian Processes and ensembling approaches like Random Forests and Gradi-
ent Boosting (e.g., CatBoost, as discussed in the reflections of Chapter [2)).

Neural Network Settings

In designing the experiments and tuning hyperparameters, several decisions
have been made to reduce computational cost.

Hyperparameters for the NN have been obtained with manual hyperpa-
rameter tuning on Uniform acquisition, minimizing the validation RMSE
after labeling 10% of the training questions. Hyperparameters include the
batch size, learning rate, weight decay, and dropout rate. To further limit
computational overhead, the same hyperparameter configuration was ap-
plied to both active learning setups using MC Dropout (i.e., Top-K Vari-
ance and PowerVariance), as the underlying NN architecture remains iden-
tical, except that dropout is also enabled at test time. Hyperparameter tun-
ing in active learning is inherently more complex than in standard super-

69



ACTIVE LEARNING TO GUIDE LABELING EFFORTS FOR QUESTION
DIFFICULTY ESTIMATION

vised learning, since it requires evaluating a sequence of validation curves
rather than a single one, making the process less straightforward for practi-
tioners.

In the experiments, MC Dropout used a sample size of 10, which is
considerably smaller than the configuration used in Chapter 2 due to the
increased computational demands of the iterative active learning process.
Nonetheless, the benchmarking study by Ovadia et al. (2019) reported di-
minishing returns beyond a sample size of 5, suggesting that using 10 sam-
ples should not adversely affect the quality of epistemic uncertainty esti-
mates.

Following Kirsch et al. (2023), the § parameter in the Power acqui-
sition function was fixed to 1.0 to further control computational expense.
However, since varying 5 may substantially influence the PowerVariance
scores, tuning 3 presents a promising direction for future performance im-
provements.

Finally, the AL experiments were run until 10% of the data had been la-
beled, as performance curves typically plateaued around this point. Ideally,
the process would continue until full labeling (100%), but this was com-
putationally infeasible for a large dataset such as RACE++ (approximately
100,000 observations).
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Ordinality in Discrete-level Question
Difficulty Estimation: Introducing
Balanced DRPS and OrderedLogitNN

This chapter is based on a study published in the 2nd Workshop on Auto-
mated Evaluation of Learning and Assessment Content (EvalLAC) at AIED
2025 in Palermo, Italy (Thuy et al.,|2025). The versions are identical except
for minor language adjustments.

Abstract

Recent years have seen growing interest in Question Difficulty Estimation
(QDE) using natural language processing techniques. Question difficulty
is often represented using discrete levels, framing the task as ordinal re-
gression due to the inherent ordering from easiest to hardest. However, the
literature has neglected the ordinal nature of the task, relying on classifi-
cation or discretized regression models, with specialized ordinal regression
methods remaining unexplored. Furthermore, evaluation metrics are tightly
coupled to the modeling paradigm, hindering cross-study comparability.
While some metrics fail to account for the ordinal structure of difficulty
levels, none adequately address class imbalance, resulting in biased perfor-
mance assessments. This study addresses these limitations by benchmark-
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ing three types of model outputs—discretized regression, classification, and
ordinal regression—using the balanced Discrete Ranked Probability Score
(DRPS), a novel metric that jointly captures ordinality and class imbal-
ance. In addition to using popular ordinal regression methods, we propose
OrderedLogitNN, extending the ordered logit model from econometrics to
neural networks. We fine-tune BERT on the RACE++ and ARC datasets
and find that OrderedLogitNN performs considerably better on complex
tasks. The balanced DRPS offers a robust and fair evaluation metric for
discrete-level QDE, providing a principled foundation for future research.

4.1 Introduction

Question Difficulty Estimation (QDE), also known as question calibration,
aims to predict a question’s difficulty directly from its textual content and
its answer options. This task plays a central role in personalized learn-
ing tools such as computerized adaptive testing (Van der Linden & Glas,
2000) and dynamic online learning platforms, which aim to present ques-
tions aligned with a learner’s proficiency level. Selecting questions that
are either too easy or excessively difficult can reduce student motivation
and hinder learning outcomes (Wang et al., 2014). Reliable estimation of
question difficulty is therefore essential.

Traditionally, QDE has relied on manual calibration (Attali et al.,2014)
or pretesting (Lane et al., |2016)), both of which are time-consuming and
costly. To address these limitations, research has explored the use of natu-
ral language processing (NLP) techniques. These approaches train machine
learning models to infer difficulty from the question text, allowing for rapid
and scalable calibration of new questions without the need for manual in-
tervention.

Difficulty levels in QDE are represented either as continuous scores or
as discrete categories, with discrete levels being attractive for their ease of
use. While continuous difficulty estimation is generally framed as a regres-
sion task, discrete-level QDE is essentially an ordinal regression problem,
given the inherent ordering of difficulty levels from easiest to hardest.

However, the discrete-level QDE literature has neglected the ordinal na-
ture of the task. Instead, existing work relies exclusively on classification
and discretized regression methods, both of which are oversimplifications
of the problem structure. Classification models disregard ordinal relation-
ships altogether, and while discretized regression methods preserve ordinal-
ity, they implicitly assume equal spacing between levels—an assumption
often violated in real-world data. As such, specialized ordinal regression
techniques remain unexplored in this context. Moreover, no prior studies
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have systematically compared these competing approaches. Compounding
the issue, studies typically only report performance metrics aligning with
their chosen modeling paradigm, making cross-study comparisons difficult.
The metrics also fail to account for class imbalances, a prevalent issue in
this setting. As a result, there is no consensus on the most effective evalua-
tion metric or modeling approach for discrete-level QDE.

This study addresses the literature gaps in discrete-level QDE by
proposing the balanced Discrete Ranked Probability Score (DRPS), a novel
evaluation metric that jointly captures ordinality and class imbalance. It
also provides a direct way to compare deterministic predictions to prob-
abilistic ones, which are especially valuable for downstream decision-
making. We benchmark three types of model outputs—discretized re-
gression, classification, and ordinal regression—using the balanced DRPS.
Moreover, we propose a novel ordinal regression model OrderedLogitNN,
extending the ordered logit model from econometrics to neural networks
(NNs). Our work is the first to (i) introduce the balanced DRPS metric, (ii)
compare classification and discretized regression models for QDE, and (iii)
investigate specialized ordinal regression techniques, including the novel
OrderedLogitNN. We conduct experiments by fine-tuning the Transformer
model BERT on the RACE++ and ARC datasets.

The remainder of the chapter is structured as follows. Section 4.2| re-
views related work. Section introduces the balanced DRPS metric.
Section discusses the novel OrderedLogitNN model and Section .5
outlines existing methods for ordinal tasks. Section describes our ex-
perimental setup, and Section {.7] presents the results and discussion. We
conclude in Section The source code is available on GitHub/[]

4.2 Related Work

Building on the survey by Benedetto et al. (2023)), we further investigate
studies in QDE that utilize datasets with discrete difficulty levels. Ques-
tion difficulty is defined using one of three main approaches: (i) Classical
Test Theory (CTT) (Hambleton & Jones, 1993), (ii) Item Response The-
ory (IRT) (Hambleton, [1991)), and (iii) manual calibration. In the case of
manual calibration with expert annotators, difficulty is almost exclusively
assigned in discrete levels due to its ease of use. While difficulty scores de-
rived from CTT and IRT are continuous by nature, they are often discretized
in practical applications to facilitate interpretation. Table provides an
overview of related work in discrete-level QDE.

Thttps://github.com/arthur-thuy/qde-ordinality
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Table 4.1: Related work on discrete-leveled ODE.

Model output format

Paper Year Difficulty Metric
Regression Classification Ordinal
Hsu et al. (2018) 2018 IRT — v — (Adjacent) accuracy
Yang and Suyong (2018) 2018 Manual — v — Accuracy
Fang et al. (2019) 2019 Manual — v — Accuracy
Lin et al. (2019) 2019 Manual, IRT v — — (Adjacent) accuracy
Zhou and Tao (2020) 2020 CTT — v — Accuracy, Fi-score
Loginova et al. (2021) 2021 Manual — v — Accuracy
Benedetto (2023) 2023 Manual v — — RMSE, R2, Spearman’s p
Thuy et al. (2024) 2024 Manual v — — RMSE
Current 2025 Manual v v v Balanced DRPS

NNLIDOTATIFAIO ANV Sd¥Yd dIINVIVY ONIDNAOILN]

INOLLVIILSH ALTNDLAIJ NOLLSANQ) THAHIT-ALA¥DSIJ NI ALI'TYNIAIQ



4.2 RELATED WORK

4.2.1 Output Types

Early work on discrete-level QDE employed classification models, such as
support vector machines and Bayesian NNs (Fang et al.,|[2019; Hsu et al.,
2018} Yang & Suyong, [2018]). Subsequently, Lin et al. (2019) proposed a
discretized regression approach using an LSTM-based NN, where difficulty
was predicted as a continuous value between 0 and 1 and mapped to discrete
intervals (e.g., [0.0;0.2), [0.2;0.4), etc.).

Zhou and Tao (2020) introduced a multi-task BERT-based model that
leverages shared representations across datasets, using a classification head
to predict difficulty levels. To reduce the reliance on large labeled datasets
in supervised methods, Loginova et al. (2021) proposed an unsupervised
QDE method. They leverage the uncertainty in pre-trained question-
answering models as a proxy for human-perceived difficulty, computed as
the variance over the predictions from an ensemble of classification models.

Benedetto (2023)) conducted a benchmarking study comparing tradi-
tional machine learning methods and end-to-end NN across datasets with
both discrete and continuous difficulty labels. Their results show that fine-
tuned Transformer-based models such as BERT and DistilBERT consis-
tently outperform classical methods. However, these models exclusively
employed a discretized regression approach to address the ordinal nature of
the labels.

More recently, Thuy et al. (2024) investigated active learning for QDE,
demonstrating that comparable performance to fully supervised models can
be achieved by labeling only a small fraction of the training data. Yet again,
only a discretized regression modeling strategy was considered. As sum-
marized in Table i.1] prior work has not directly compared discretized re-
gression and classification approaches, and specialized ordinal regression
methods remain entirely unexplored.

4.2.2 Metrics

Accuracy is the most widely used evaluation metric for discrete-level QDE,
particularly in studies employing classification models, as it aligns with the
cross-entropy loss typically used during training. Lin et al. (2019) is the
only study using a discretized regression approach that also reports accu-
racy. However, accuracy fails to account for the ordinal structure of dif-
ficulty levels: all misclassifications are treated equally, regardless of their
distance from the true label. Even if a prediction is incorrect, it should still
be as close as possible to the true difficulty level. Additionally, accuracy is
a threshold-based metric, relying solely on the final predicted label rather
than the full output distribution—an issue that also applies to metrics such
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as the F-score. To partially address this, Hsu et al. (2018) and Lin et al.
(2019) report adjacent accuracy, defined as the proportion of predictions
within £ levels of the true label. However, the choice of k is often arbitrary
and dataset-dependent, complicating comparisons across studies.

The most recent works, which adopt discretized regression approaches,
report RMSE as their primary evaluation metric, treating difficulty levels
as integers. While RMSE reflects the ordinal structure to some extent, it
assumes uniform spacing between levels—a condition rarely met in real-
world data. For example, in primary school, there is a non-linear increase
in difficulty over the years (Coe et al.,|2008). This limitation also applies
to metrics such as R? and Spearman’s rank correlation. Furthermore, since
RMSE is used as the loss function in discretized regression models, these
models benefit from being evaluated on the same objective they were opti-
mized for, giving them an unfair advantage and introducing a potential bias
in comparative evaluations.

In addition to the ordinality aspect, these commonly used metrics fail
to account for class imbalance, which is a prevalent issue in discrete-level
QDE. In many datasets, mid-range difficulty levels tend to dominate, while
questions at the extremes—those that are very easy or very difficult—are
underrepresented (Clark et al., 2018; Liang et al., 2019). Standard met-
rics, which compute aggregate scores across all samples, inherently place
greater weight on the majority classes. As a result, model performance
on minority classes is often underrepresented, leading to inflated metrics
that do not accurately reflect model effectiveness across the full difficulty
spectrum. This is particularly problematic in educational contexts, where
balanced performance across all difficulty levels is essential to ensure ade-
quate personalized learning experiences.

As a result, the literature ignores the ordinal aspect in the modeling
approaches and employs suboptimal evaluation metrics for discrete-level
QDE. There is a clear need for an evaluation metric that simultaneously ac-
counts for ordinality and class imbalance, thereby enabling fair comparison
across different modeling strategies.

4.3 Balanced Discrete Ranked Probability Score

The Continuous Ranked Probability Score (CRPS) is the most widely
adopted scoring rule for evaluating probabilistic forecasts of real-valued
variables, such as in precipitation forecasting (Gneiting & Raftery, 2007).
It is defined as the integral of the squared difference (i.e., Brier score) be-
tween the cumulative distribution function (CDF) of a probabilistic forecast
F' and the CDF of the observed outcome, at all real-valued thresholds. The
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observed outcome is represented as a degenerate distribution, as its CDF is
a step function. Formally, given a dataset D = {x;, yi}f\il, the CRPS is
computed as:

CRPS F y Z/ yz - ]l{yz > yz})2 d@i,

where F'(y;) denotes the CDF of the forecast and 1{-} is the step function.

The CRPS is distance-sensitive, meaning it rewards forecasts that as-
sign higher probability mass to values near the true outcome. Specifically,
when the forecast distribution concentrates probability density around the
true value, the squared error between the forecast CDF and the observed
step function is smaller across the integration range, resulting in a lower
(better) score. In other words, even if the predicted value does not exactly
coincide with the true outcome, placing substantial probability on neigh-
boring values results in a better score than a prediction that is entirely off-
target.

This property makes the CRPS particularly well-suited for ordinal pre-
diction tasks. In such cases, the DRPS serves as a natural extension of the
CRPS for discrete outcomes across K ordered categories. The DRPS has
only been applied in meteorology (Weigel et al., 2007) and has received
little attention in the general field of ordinal regression. It is defined as:

N K-1

1
DRPS(F,y) =+ > > (Fiuldi) — 1{k > v:})*,
=1 k=1

where Fj(7;) denotes the predicted cumulative probability up to class k.
The step function 1{-} moves from 0.0 to 1.0 at the position of the ground
truth label.

Unlike other evaluation metrics in related work, the DRPS operates on
full probability distributions rather than point estimates, enabling a more
nuanced assessment of ordinal predictions. Such a probability distribution
over the levels is available for all classification and ordinal regression mod-
els, but not for the discretized regression model as it only outputs a pre-
dicted difficulty level. In the case of deterministic predictions, the output
is treated as a degenerate distribution—analogous to the representation of
the observed outcome. Figures#.1]and .2 illustrate how the DRPS is com-
puted for single observations with probabilistic and deterministic model
outputs.

Crucially, the DRPS respects the ordinal structure of the prediction task
without assuming equal inter-class distances, a notable limitation of metrics
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Figure 4.1: Example DRPS calculation with predicted probabilities. The ground
truth for this observation is level 7 and both predictions have the most density
on the incorrect level 5. (a) assigns high probability to level 5 while (b) is more
uncertain and has more density on the neighboring levels, resulting in a better
score.
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Figure 4.2: Example DRPS calculation with a predicted label. The ground truth
for this observation is level 7; (a) predicts level 5 while (b) predicts level 8.

such as RMSE. Additionally, when applied to deterministic predictions, the
DRPS reduces to the mean absolute error, providing a direct way to com-
pare deterministic and probabilistic predictions within a unified evaluation
metric.

In this work, we introduce the balanced DRPS to address the class
imbalance in discrete-level QDE datasets, where extreme difficulty levels
are typically underrepresented compared to mid-range levels (Clark et al.,
2018; Liang et al., 2019). The popular metrics (accuracy and RMSE) and
standard DRPS compute unweighted averages, which overemphasize per-
formance on majority classes and can produce misleadingly high scores
on imbalanced data. However, for educational practitioners, robust perfor-
mance across the full spectrum of difficulty levels—including the rarest—is
essential. To ensure fair evaluation, the balanced DRPS weights each ob-
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servation inversely proportional to the prevalence of its true class, w; =
thereby giving equal importance to all difficulty levels. For-

m
mally:
1 N K-1
Balanced DRPS(F,y) = = » > w; (Fil(@i) — 1{k > :})”.
1:1 k=1

Thus for balanced datasets, the balanced DRPS is equivalent to the standard
DRPS.

In conclusion, the balanced DRPS offers a robust and fair evaluation
metric for discrete-level QDE by accounting for both ordinal structure and
class imbalance. It supports both deterministic and probabilistic predic-
tions and remains neutral to training objectives, making it well-suited for
benchmarking across diverse modeling approaches.

4.4 Ordered Logit for NNs

OrderedLogitNN extends the classical ordered logit model to NN, effec-
tively bridging the gap between econometrics and deep learning. At its
core, it is a latent variable model, where each observation is associated with
an unobserved continuous utility value y; (Greene & Hensher, |[2010) mod-
eled as: y = x;8 + ¢;. The observed ordinal outcome y; is derived from
y; through a censoring mechanism, whereby the continuous latent variable
is mapped to one of K discrete categories based on a sequence of K + 1
increasing threshold values {p_1, f0, 41, - - -, i —1}-

To identify the model parameters, several normalizations are required.
First, the thresholds must be increasing py > pr—1 to ensure valid (i.e.,
positive) probabilities. Second, the endpoints of the support are fixed as
p—1 = —ooand ux_1 = +00, covering the entire real line. Third, the error
term ¢; is assumed to follow a standardized logistic distribution (mean zero,
variance %2). The logistic distribution is preferred over the Gaussian (i.e.,
probit) for computational convenience, as the derivative has a closed form
solution and is readily available as the sigmoid function. Finally, since x;
includes a bias term, the threshold pg = 0.

The model defines the class probabilities as:

P(y; =k | x;) = F(ur —x08) — F(pp—1 — xi8) ,

with F' the cdf of the logistic distribution. An example for K = 3 is shown
in Figure [4.3]
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Figure 4.3: Ordered logit example for three ordinal categories.

The NN is trained by minimizing the negative log-likelihood (NLL):

N K-1

NLL =) > " my;log [F(ur — xi8) — F(ux—1 — x:8)] ,

i=1 j=0

where m;; = 1if y; = k and 0 otherwise. The thresholds are reparameter-
ized to ensure monotonically increasing values: pgr = pr—1 + exp(dg) =
an:1 exp(dpm)-

The §;, parameters are initialized such that the ordinal levels have equal
probability mass under the logistic distribution, with the first threshold set
to zero. The bias term is initialized to lie at the center of this distribution,
while all other weights follow standard initialization practices in PyTorch.
To facilitate convergence, the learning rates for the §; values and the bias
term are scaled to be 100 times larger than those of the remaining network
parameters.

Importantly, OrderedLogitNN is architecture-agnostic and can be inte-
grated into any NN. Additionally, it makes no assumptions about the dis-
tances between ordinal levels, allowing it to flexibly model a wide range of
ordered regression problems.

4.5 Existing Approaches for Ordinal Regression
with NNs

This section describes existing approaches to handle ordinal regression us-
ing NNs. Depending on the specific approach, the amount of ordinal in-
formation used and the underlying assumptions vary. This study uses three
existing specialized ordinal regression methods that follow the extended bi-
nary classification framework, most widely used in the ordinal regression
literature (Shi et al., [2023)). Note that the methods discussed below are not
tied to any specific architecture and can be utilized with any NN.
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Let D = {x;, yz}f\;l be the training dataset consisting of N training
examples. Here, x; € X denotes the i training example and y; the cor-
responding rank, where y; € Y = {ry,rs,...,7x} with ordered rank
rK > Tik—1 = --- = r1. The objective is to find a model that maps
X — Y. For example, the ARC dataset has K = 7 difficulty levels with an
output space Y = {“grade 3”, “grade 4”, ..., “grade 9”}.

4.5.1 Discretized Regression

In the regression approach, also referred to as discretized regression, the
K rank indices are treated as numerical values to utilize the ordinal infor-
mation (see Table for references). The model f minimizes the mean
squared error loss and predicts a real-valued quantity f(x;) € R represent-
ing a continuous rank estimate, which is then converted to the closest rank
index. For example, a regression estimate of 2.7 is converted to index 3
while estimate 5.2 is converted to index 5.

Using a discretized regression approach in an ordinal QDE problem
assumes that the inter-level distances are equal. However, this condition is
only rarely satisfied in practice (Coe et al.,2008)). On the ARC dataset with
levels “grade 3 to “grade 97, for example, such an approach assumes that
the jump in difficulty among all grades is identical.

4.5.2 Classification

In the classification approach, the model’s output space is a set of K un-
ordered labels, one for each rank (see Table 4. 1| for references). The model
is trained to minimize the cross-entropy loss and the predicted rank label is
the class with the highest predicted probability. As such, the predicted rank
label is §; = argmax,, cy p(¥i | X;).

This approach essentially assumes that the difficulty levels are com-
pletely independent, hence discarding the available ordinal information.
For example, for a question in the ARC dataset with true level “grade 3”,
predicting levels “grade 4” and “grade 5” incurs the same loss even though
the difference between “grade 3” and “grade 5” is larger than the that be-
tween level “grade 3” and “grade 4”.

4.5.3 Ordinal: OR-NN

A popular general machine learning approach to ordinal regression is to cast
it as an extended binary classification problem (Li & Lin, 2006), leveraging
the relative order among the labels. That is, the ordinal regression task with
K ranks is represented as a series of ' — 1 simpler binary classification
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Figure 4.4: Example of a rank inconsistent and rank consistent prediction. Both
tasks have K = 5 levels. Figure adapted from Shi et al. (2023)).

sub-problems. For each rank index k£ € 1,2, ..., K — 1, a binary classifier
is trained according to whether the rank of a sample is larger than k. As
such, all K — 1 tasks share the same intermediate layers but are assigned
distinct weight parameters in the output layer. In summary, this framework
relies on three steps: (i) extending rank labels to binary vectors, (ii) training
binary classifiers on the extended labels, and (iii) computing the predicted
rank label from the binary classifiers.

In 2016, the authors of Niu et al. (2016) adapted this framework to
train NNs for ordinal regression; we refer to this method as OR-NN.
More formally, a rank label y; is first extended into X' — 1 binary vectors

ygl), e ,nyfl) such that the yz(k

rank r, for instance, yl-(k) = 1{y; > ry}. Using the extended binary labels,
a single NN is trained with K — 1 binary classifiers in the output layer to
minimize the cross-entropy loss. Based on the binary task predictions, the

predicted rank label is ¢J; = r4,. The rank index g; is given by

) e {0, 1} indicates whether y; exceeds

K-1

g =1+ Z ]I{P(yz' > rg) > 0.5},
k=1

where P(y; > 1) € [0,1] is the predicted probability of the kth binary
classifiers in the output layer.

However, the authors pointed out that OR-NN can suffer from rank
inconsistencies among the binary tasks such that the predictions for indi-
vidual binary tasks may disagree. For example, on the RACE++ dataset, it
would be contradictory if the first binary task predicts that the difficulty is
not higher than middle school level while the second binary task predicts it
to be more difficult than high school level. This inconsistency could lead to
suboptimal results when combining the K — 1 predictions to obtain the es-
timated difficulty level. Figure[.4]provides an example of a rank consistent
and inconsistent prediction. In response, two methods have been proposed
that overcome this drawback of rank inconsistency: CORAL and CORN.
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4.5.4 Ordinal: CORAL and CORN

CORAL (Cao et al.,2020) achieves rank consistency by imposing a weight-
sharing constraint in the last layer. Instead of learning distinct weights
between each unit in the penultimate layer and each output unit, CORAL
enforces that the K —1 binary tasks share the same weight parameters to the
units in the penultimate layer. In addition, CORAL learns independent bias
terms for each output unit as opposed to a single bias term for the output
layer.

CORAL uses a cross-entropy loss over the K — 1 binary classifiers
and the authors show theoretically that by minimizing this loss function,
the learned bias terms of the output layer are non-increasing such that
by > by > -+ > bx_1. Consequently, the predicted probabilities of the
K — 1 tasks are decreasing which ensures that the output reflects the ordi-
nal information and is rank consistent. All other steps are identical to the
extended binary classification framework.

However, while CORAL outperforms the OR-NN method in age pre-
diction (Cao et al., [2020), the weight-sharing constraint may restrict the
expressiveness and capacity of the NN.

More recently, the authors of Shi et al. (2023) proposed CORN, which
guarantees rank consistency without restricting the NN’s expressiveness
and capacity. CORN achieves rank consistency by a novel training scheme
which uses conditional training sets in order to obtain the unconditional
rank probabilities.

More formally, CORN constructs conditional training subsets such that
the output of the kth binary task fy(x;) represents the conditional probabil-
ity fr(x;) = P(yi > |y > rk,l). For k > 2, the conditional subsets
consist of observations where y; > 1. When k = 1, fi(x;) represents
the initial unconditional probability P(yi > n) based on the complete
dataset. The transformed unconditional probabilities can then be computed
by applying the chain rule for probabilities: P(y; > ry) = H§:1 fi(xi).

Since V5,0 < fj(x;) < 1, we have P(y; > r1) > P(y; > r2) >
> P (yZ > K,l), which guarantees rank consistency among the K —1
binary tasks. During model training, CORN minimizes the cross-entropy
loss over the binary tasks. All other steps are identical to the extended
binary classification framework.
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4.6 Experiments

4.6.1 Data

We evaluate our models on two multiple-choice question (MCQ) datasets:
RACE++ and ARC. These datasets vary in domain and granularity of dif-
ficulty levels.

RACE++ (Lai et al., 2017; Liang et al., 2019) is a dataset of reading
comprehension MCQs. Questions are labeled with one of three difficulty
levels—1 (middle school), 2 (high school), and 3 (university level)—which
we treat as ground truth labels for QDE. The label distribution is imbal-
anced: 25% of the questions are labeled as level 1, 62% as level 2, and 13%
as level 3. The dataset is partitioned into training, validation, and test sets
containing 100,568; 5599; and 5642 questions, respectively.

ARC (Clark et al., 2018])) is a dataset of science MCQs across grades
3 through 9. Question difficulty is indicated by the target grade level (i.e.,
7 levels), which we use as ground truth. The training, validation, and test
splits contain 3358, 862, and 3530 questions, respectively. The distribution
is highly imbalanced: level 8 appears approximately 1400 times, level 5
about 700 times, and level 6 only 100 times. To decrease this imbalance,
we follow Benedetto (2023)) and downsample the two most frequent levels
to 500 examples each, resulting in a partially balanced training set of 2293
questions.

4.6.2 Model Architecture

We focus on end-to-end Transformer-based NN, as they have been shown
to outperform traditional NLP approaches that rely on separate feature en-
gineering and modeling stages (Benedetto, [2023). We fine-tune the Trans-
former BERT (“bert-base-uncased”) on the task of QDE, stacking an output
layer on top of the pre-trained language model. During fine-tuning, both the
weights of the output head and the pre-trained model are updated. We fol-
low the input encoding of Benedetto (2023) and concatenate the question
and the text of all the possible answer choices in a single sentence, divided
by separator tokens.

Additionally, we investigate the performance of two baselines which
serve as a lower bound on performance: (i) Random and (ii) Majority. The
Random baseline randomly predicts a difficulty level, while the Majority
baseline consistently predicts the majority level in the training set.

The experiments are implemented in PyTorch (Ansel et al., 2024)) using
the HuggingFace (Wolf et al., 2020) package, and results are averaged over
five independent runs with random seeds.
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Table 4.2: Results on RACE ++ (3 levels).

Bal. DRPS |
QOutput type Bal. DRPS | (degenerate) RMSE | Accuracy 1
Random 0.893 +0.009 0.893 +0.009 1.024 + 0.005 0.334 + 0.003
Majority 0.667 0,000 0667 = 0.000 _0.616 0.000_ 0620 0.000

Regression 0.167 + 0.003  0.167 + 0.003  0.391 + 0.004 0.853 + 0.003
Classification 0.133 + 0.003 0.170 + 0.004  0.402 + 0.006  0.847 + 0.004
OR-NN 0.131 + 0.004 0.168 + 0.004 0.400 + 0.008 0.847 + 0.006
CORAL 0.201 +£0.003  0.185 4+ 0.004 0.476 +£0.018 0.782 + 0.017
CORN 0.127 + 0.003  0.164 + 0.001  0.397 + 0.004 0.851 + 0.003

OrderedLogitNN  0.130 + 0.001

0.162 + 0.002

0.384 = 0.005

0.861 = 0.003

4.7 Results and Discussion

4.7.1 Balanced DRPS

Tables {.2] and [.3] present the results for the RACE++ and ARC datasets,
which contain 3 and 7 difficulty levels, respectively. Balanced DRPS with
probabilistic inputs is the main evaluation metric, as these predictions ex-
press uncertainty and are particularly valuable in downstream decision-
making. In addition, we report the balanced DRPS computed using degen-
erate distributions—i.e., where all probability mass is placed entirely on
the predicted level. This setup removes any representation of uncertainty
from the predictions, thereby altering the scores for both classification and
ordinal regression methods. Notably, the baselines and the discretized re-
gression model remain unaffected in this setting, as they do not express
uncertainty. Recall that for both metrics, lower is better. Furthermore, we
include the commonly used but flawed metrics RMSE and accuracy.

On RACE++ with 3 levels (Table 4.2)), the classification model per-
forms comparably to the ordinal methods OR-NN, CORN, and Ordered-
LogitNN in terms of balanced DRPS. The discretized regression model, by
contrast, shows slightly inferior performance. Interestingly, the CORAL
model underperforms significantly, likely due to its weight-sharing con-
straint limiting the NN’s capacity. Nonetheless, all models substantially
outperform the baseline approaches. We hypothesize that the small dif-
ferences in performance across models are due to the limited number of
ordinal levels.

The ARC dataset with 7 levels (Table presents a more challeng-
ing setting, as it includes a greater number of difficulty levels and exhibits
more pronounced class imbalance. Here, the OrderedLogitNN model con-
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Table 4.3: Results on ARC (7 levels).

Bal. DRPS |
QOutput type Bal. DRPS | (degenerate) RMSE | Accuracy 1
Random 2296 +0.017 2296 +£0.017 2.730 + 0.006  0.144 + 0.002
Majority 2286 +0.000_ 2.286+ 0.000 _2.195 0,000 0409 £ 0.000

Regression 1.030 + 0.015 1.030 +£ 0.015 1.412 -+ 0.013 0.356 + 0.003
Classification 0.720 + 0.003  1.038 +£ 0.005 1.522 +£0.013  0.421 + 0.005
OR-NN 0.722 +0.005 1.005 4+ 0.003  1.435 + 0.009 0.400 + 0.002
CORAL 0.963 + 0.003  1.440 +0.020 2.083 £ 0.033  0.156 + 0.005
CORN 0.725 +£0.007 1.046 £ 0.012 1.428 + 0.004 0.389 + 0.008

0.980 + 0.007

1.468 £ 0.007

0.393 £ 0.006

OrderedLogitNN  0.674 + 0.004

siderably outperforms all other methods. For the remaining methods, the
insights are consistent with those observed on RACE++.

When restricting the predictions to degenerate distributions, scores gen-
erally deteriorate (see the third column in Tables [4.2) and because bal-
anced DRPS is designed to reward well-calibrated probabilistic predictions
while penalizing overconfident, incorrect ones. This shift brings the regres-
sion model’s performance in line with the classification model, OR-NN,
and CORN. OrderedLogitNN again performs on par for RACE++ and per-
forms substantially better on ARC.

When considering RMSE and accuracy—metrics that are poorly suited
for ordinal prediction tasks (see Section [4.2.2)—we observe that models
closely related to these objectives unsurprisingly achieve the best perfor-
mance. On the RACE++ dataset, the results are close and OrderedLogitNN
performs comparably to or even slightly better than the regression and clas-
sification models. In contrast, on ARC, the regression approach achieves
the lowest RMSE, while classification achieves the highest accuracy. These
results are expected, as the regression method is directly optimized with
RMSE loss while the classification method entirely omits the ordinal infor-
mation, just like the accuracy metric.

4.7.2 Confusion Matrix

To further investigate the behavior of the models, Figure presents
confusion matrices for the ARC dataset, the more complex task in this
study. These matrices are normalized by the true class (i.e., row-wise)
and are based on discrete predicted levels—rather than full probability
distributions—thus aligning with the evaluation setting of the balanced
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Figure 4.5: Confusion matrices on the ARC dataset. The results are shown for
all models, normalized over the true labels (rows).

DRPS with degenerate predictions.

The results indicate the inherent difficulty of the task, as demonstrated
by the substantial deviations from the diagonal (highlighted in black). All
models hardly predict level 6 as these observations are least present in the
training set. Notably, the CORAL model exhibits highly atypical behavior,
predicting exclusively at the extreme levels (3 and 9). This pattern suggests
that the model fails to converge to a meaningful solution, consistent with
its poor performance on the balanced DRPS metric.

Among the remaining models, all except OrderedLogitNN show con-
centrated errors in specific off-diagonal cells, i.e., predicting level 4 instead
of level 3, or level 8 instead of level 9. These errors are associated with
the outermost classes (levels 3 and 9), which are often neglected entirely
by the models. In contrast, OrderedLogitNN stands out as the only method
that successfully captures both extremes of the ordinal scale, avoiding these
consistent misclassifications.
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4.8 Conclusion

This study approaches discrete-level QDE through the lens of ordinal re-
gression, reflecting the inherent ordering of difficulty levels from easiest to
hardest. Prior work in this area has ignored this ordinal structure, both in
the choice of modeling paradigms and in the design of evaluation metrics.

To address these gaps, we benchmark three types of model outputs—
discretized regression, classification, and ordinal regression—using the bal-
anced DRPS, a novel metric that captures both ordinality and class imbal-
ance. Moreover, we propose a novel ordinal regression model OrderedLog-
itNN, extending the ordered logit model from econometrics to NNs. We
fine-tune the Transformer model BERT on the RACE++ and ARC datasets.

Experimental results indicate that OrderedLogitNN considerably out-
performs existing methods on more complex tasks while performing com-
parably on simpler ones, both on probabilistic and degenerate predictions.
Probabilistic predictions express uncertainty and are particularly valuable
in downstream human-in-the-loop tasks such as selective prediction or ac-
tive learning (Thuy & Benoit, 2024; Thuy et al., 2024). These findings
underscore OrderedLogitNN as a highly attractive approach for discrete-
level QDE. The learning dynamics of OrderedLogitNN deserve further in-
vestigation and future work can assess the impact of adapting the weight
initializations and learning rate multiplier.

Our work has important practical implications for QDE, as more re-
liable difficulty estimation enables scalable personalized learning paths in
educational platforms. Furthermore, it has broader relevance for the auto-
mated evaluation of assessment content with ordinal labels, such as essay
correction. The balanced DRPS provides a principled foundation for evalu-
ating such systems in production and for future research. Finally, Ordered-
LogitNN’s robustness makes it well-suited for integration in educational
applications where strong performance over the entire label range is criti-
cal.

Reflections and Clarifications

Kullback-Leibler Divergence

In this ordinal regression setting, we compare the ground truth difficulty
level (i.e., a degenerate distribution) to the prediction, which may either be
a single difficulty level (also a degenerate distribution) or a probability dis-
tribution over the difficulty levels. The proposed balanced DRPS provides
a meaningful way to quantify the discrepancy between these two distribu-
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tions.
It is important to note that using the Kullback-Leibler (KL) divergence
is not suitable for this application. The KL divergence is defined as

C

Da(P | Q) = Y Piloz )
i=1

where P (i) represents the probability for class ¢ under distribution P; anal-
ogously for Q(i). It measures the information gained when moving from a
reference distribution ((Q) to another distribution (P).

However, KL divergence has two major limitations in this context.
First, although it quantifies dissimilarity between distributions, it is usually
not considered a true metric because it is not symmetric. The KL diver-
gence from P to () is not the same as from () to P. Second, when one of
the distributions is degenerate, the KL. divergence becomes infinite unless
the two distributions are identical. If P is a degenerate distribution, there
is a class ¢ for which P(7) = 0. If @ is not a degenerate distribution and
Q(i) > 0, the term log 0 arises, which is undefined. To make the expres-
sion valid, Q(7) would also have to be zero, an unrealistic condition in most
cases. Therefore, the KL divergence fails to exhibit the desired properties
of a metric for this setting.

Neural Network Settings

Hyperparameters have been tuned individually for each NN architecture
using Optuna, with the objective of minimizing the balanced DRPS on the
validation set. We tune the learning rate (range [1e-5, 5e-4]; log-scale) and
weight decay (range [1e-3, Se-1]; log-scale) for 20 trials using the default
sampler (Tree-structured Parzen Estimator). Moreover, we set the batch
size to 128, maximum sequence length to 512, warmup ratio to 0.1, and we
train for 3 epochs (including the pre-trained base) with early stopping.

For the OrderedLogitNN model, the threshold parameters J;, were also
optimized via stochastic gradient descent. In preliminary experiments, we
observed that these thresholds converged very slowly. Since each overall
threshold is defined as the cumulative sum of the §; parameters, all pa-
rameters must move coherently in the same direction and with sufficient
magnitude for the threshold to meaningfully adjust, likely causing the slow
convergence. To address this, we increased the learning rate magnitude for
the ), parameters. After testing values of lel, le2, and le3, a multiplier of
le2 yielded the most effective results and was therefore used in all subse-
quent experiments. Nevertheless, this value should ideally be tuned as an
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additional hyperparameter, suggesting that the method’s performance could
be further enhanced with more extensive optimization.

Acknowledgments

This study was supported by the Research Foundation Flanders (FWO)
(grant number 1S97022N).

References

Ansel, J., Yang, E., He, H., Gimelshein, N., Jain, A., Voznesensky, M., Bao,
B., Bell, P, Berard, D., Burovski, E., Chauhan, G., Chourdia, A.,
Constable, W., Desmaison, A., DeVito, Z., Ellison, E., Feng, W.,
Gong, J., Gschwind, M., ... Chintala, S. (2024). PyTorch 2: Faster
Machine Learning Through Dynamic Python Bytecode Transfor-
mation and Graph Compilation. 29th ACM International Confer-
ence on Architectural Support for Programming Languages and
Operating Systems, Volume 2 (ASPLOS ’24). https://doi.org/10.
1145/3620665.3640366

Attali, Y., Saldivia, L., Jackson, C., Schuppan, F., & Wanamaker, W. (2014).
Estimating item difficulty with comparative judgments. ETS Re-
search Report Series, 2014(2), 1-8. https://doi.org/10.1002/ets2.
12042

Benedetto, L. (2023). A quantitative study of nlp approaches to question
difficulty estimation. International Conference on Artificial Intelli-
gence in Education, 428—-434. https://doi.org/10.1007/978-3-031-
36336-8_67

Benedetto, L., Cremonesi, P., Caines, A., Buttery, P., Cappelli, A., Giussani,
A., & Turrin, R. (2023). A survey on recent approaches to question
difficulty estimation from text. ACM Computing Surveys, 55(9), 1—
37. https://doi.org/10.1145/3556538

Cao, W., Mirjalili, V., & Raschka, S. (2020). Rank consistent ordinal re-
gression for neural networks with application to age estimation.
Pattern Recognition Letters, 140, 325-331. https://doi.org/10.
1016/j.patrec.2020.11.008

Clark, P, Cowhey, 1., Etzioni, O., Khot, T., Sabharwal, A., Schoenick, C., &
Tafjord, O. (2018). Think you have solved question answering? try
arc, the ai2 reasoning challenge. arXiv preprint arXiv:1803.05457.
https://doi.org/10.48550/arX1v.1803.05457

96


https://doi.org/10.1145/3620665.3640366
https://doi.org/10.1145/3620665.3640366
https://doi.org/10.1002/ets2.12042
https://doi.org/10.1002/ets2.12042
https://doi.org/10.1007/978-3-031-36336-8_67
https://doi.org/10.1007/978-3-031-36336-8_67
https://doi.org/10.1145/3556538
https://doi.org/10.1016/j.patrec.2020.11.008
https://doi.org/10.1016/j.patrec.2020.11.008
https://doi.org/10.48550/arXiv.1803.05457

REFERENCES

Coe, R., Searle, J., Barmby, P, Jones, K., & Higgins, S. (2008). Relative
difficulty of examinations in different subjects. Durham: CEM cen-
tre.

Fang, J., Zhao, W., & Jia, D. (2019). Exercise difficulty prediction in online
education systems. 2019 International Conference on Data Mining
Workshops (ICDMW), 311-317.

Gneiting, T., & Raftery, A. E. (2007). Strictly proper scoring rules, predic-
tion, and estimation. Journal of the American statistical Associa-
tion, 102(477), 359-378.

Greene, W. H., & Hensher, D. A. (2010). Modeling ordered choices: A
primer. Cambridge University Press.

Hambleton, R. K. (1991). Fundamentals of item response theory. Sage.

Hambleton, R. K., & Jones, R. W. (1993). Comparison of classical test
theory and item response theory and their applications to test de-
velopment. Educational measurement: issues and practice, 12(3),
38-47.

Hsu, E-Y., Lee, H.-M., Chang, T.-H., & Sung, Y.-T. (2018). Automated es-
timation of item difficulty for multiple-choice tests: An application
of word embedding techniques. Information Processing & Man-
agement, 54(6), 969-984.

Lai, G., Xie, Q., Liu, H., Yang, Y., & Hovy, E. (2017, September). RACE:
Large-scale ReAding comprehension dataset from examinations.
In M. Palmer, R. Hwa, & S. Riedel (Eds.), Proceedings of the 2017
conference on empirical methods in natural language processing
(pp- 785-794). Association for Computational Linguistics. https:
//doi.org/10.18653/v1/D17-1082

Lane, S., Raymond, M. R., Haladyna, T. M., et al. (2016). Handbook of test
development (Vol. 2). Routledge New York, NY.

Li, L., & Lin, H.-T. (2006). Ordinal regression by extended binary classifi-
cation. Advances in neural information processing systems, 19.

Liang, Y., Li, J., & Yin, J. (2019). A new multi-choice reading comprehen-
sion dataset for curriculum learning. Asian Conference on Machine
Learning, 742-757.

Lin, L.-H., Chang, T.-H., & Hsu, E.-Y. (2019). Automated prediction of
item difficulty in reading comprehension using long short-term
memory. 2019 International Conference on Asian Language Pro-
cessing (IALP), 132-135.

Loginova, E., Benedetto, L., Benoit, D., & Cremonesi, P. (2021). Towards
the application of calibrated transformers to the unsupervised es-

97


https://doi.org/10.18653/v1/D17-1082
https://doi.org/10.18653/v1/D17-1082

ORDINALITY IN DISCRETE-LEVEL QUESTION DIFFICULTY ESTIMATION:
INTRODUCING BALANCED DRPS AND ORDEREDLOGITNN

timation of question difficulty from text. RANLP 2021, 846-855.
https://doi.org/https://doi.org/10.26615/978-954-452-072-4 097

Niu, Z., Zhou, M., Wang, L., Gao, X., & Hua, G. (2016). Ordinal regres-
sion with multiple output cnn for age estimation. Proceedings of
the IEEE conference on computer vision and pattern recognition,
4920-4928.

Shi, X., Cao, W., & Raschka, S. (2023). Deep neural networks for rank-
consistent ordinal regression based on conditional probabilities.
Pattern Analysis and Applications, 26(3), 941-955. https://doi.
org/10.1007/s10044-023-01181-9

Thuy, A., & Benoit, D. F. (2024). Explainability through uncertainty: Trust-
worthy decision-making with neural networks. European Journal
of Operational Research, 317(2), 330-340. https://doi.org/10.
1016/j.ejor.2023.09.009

Thuy, A., Loginova, E., & Benoit, D. F. (2024). Active learning to guide
labeling efforts for question difficulty estimation. arXiv preprint
arXiv:2409.09258. https://doi.org/10.48550/arXiv.2409.09258

Thuy, A., Loginova, E., & Benoit, D. F. (2025). Ordinality in discrete-
level question difficulty estimation: Introducing balanced drps and
orderedlogitnn. Second Workshop on Automated Evaluation of
Learning and Assessment Content, Vol. 4006. https://ceur- ws.
org/Vol-4006/paper4.pdf

Van der Linden, W. J., & Glas, C. A. (2000). Computerized adaptive test-
ing: Theory and practice. Springer. https://doi.org/10.1007/0-306-
47531-6

Wang, Q., Liu, J., Wang, B., & Guo, L. (2014). A regularized competition
model for question difficulty estimation in community question an-
swering services. Proceedings of the 2014 Conference on Empir-
ical Methods in Natural Language Processing (EMNLP), 1115—
1126. https://doi.org/10.3115/v1/D14-1118

Weigel, A. P, Liniger, M. A., & Appenzeller, C. (2007). The discrete
brier and ranked probability skill scores. Monthly Weather Review,
135(1), 118-124. https://doi.org/10.1175/MWR3280.1

Wolf, T., Debut, L., Sanh, V., Chaumond, J., Delangue, C., Moi, A., Cis-
tac, P., Rault, T., Louf, R., Funtowicz, M., et al. (2020). Trans-
formers: State-of-the-art natural language processing. Proceedings
of the 2020 conference on empirical methods in natural language
processing: system demonstrations, 38—45. https://doi.org/10.
18653/v1/2020.emnlp-demos.6

98


https://doi.org/https://doi.org/10.26615/978-954-452-072-4_097
https://doi.org/10.1007/s10044-023-01181-9
https://doi.org/10.1007/s10044-023-01181-9
https://doi.org/10.1016/j.ejor.2023.09.009
https://doi.org/10.1016/j.ejor.2023.09.009
https://doi.org/10.48550/arXiv.2409.09258
https://ceur-ws.org/Vol-4006/paper4.pdf
https://ceur-ws.org/Vol-4006/paper4.pdf
https://doi.org/10.1007/0-306-47531-6
https://doi.org/10.1007/0-306-47531-6
https://doi.org/10.3115/v1/D14-1118
https://doi.org/10.1175/MWR3280.1
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6

REFERENCES

Yang, H., & Suyong, E. (2018). Feature analysis on english word difficulty
by gaussian mixture model. 2018 International Conference on In-
formation and Communication Technology Convergence (ICTC),
191-194.

Zhou, Y., & Tao, C. (2020). Multi-task bert for problem difficulty predic-
tion. 2020 international conference on communications, informa-
tion system and computer engineering (cisce), 213-216. https://
doi.org/10.1109/CISCE50729.2020.00048

99


https://doi.org/10.1109/CISCE50729.2020.00048
https://doi.org/10.1109/CISCE50729.2020.00048

ORDINALITY IN DISCRETE-LEVEL QUESTION DIFFICULTY ESTIMATION:
INTRODUCING BALANCED DRPS AND ORDEREDLOGITNN

100



Leveraging Misconceptions with
In-Context Learning to Simulate
Students with Role-Playing LL.Ms

This chapter presents ongoing work, which was later revised and submit-
ted to the International Conference on Language Resources and Evaluation
(LREC). The manuscript has been co-authored with Dr. Luca Benedetto
(University of Cambridge, Institut Polytechnique de Paris), Dr. Ekaterina
Loginova (Dedalus Healthcare), and Prof. dr. Dries F. Benoit (Ghent Uni-
versity).

Abstract

Large Language Models (LLMs) have recently been investigated to sim-
ulate student responses to exam questions. This approach, referred to as
virtual pretesting, offers an alternative to conventional pretesting, which is
costly and time-consuming. Prior studies have focused on zero-shot role-
playing, where an LLM is prompted to imitate students of varying lev-
els, but such methods have shown limited effectiveness. This work intro-
duces a framework that enhances LL.M-based student simulation through
in-context learning, drawing on previous question-answer records to pro-
vide the model with richer information about students’ skills and miscon-
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ceptions. The results indicate that adding contextual information does not
consistently improve the LLMs’ student replication performance. Further-
more, the optimal settings for building additional context do not generalize
over LLMs, thus stressing the need for prompt engineering each model.
While role-playing produces simulated responses with strong Monotonic-
ity scores, these outputs do not yield reliable question difficulty estimates
under IRT. Overall, our findings are in line with earlier research: although
LLMs show some promise in simulating student behavior, their current ca-
pabilities are insufficient for piloting high-stakes educational assessments.

5.1 Introduction

Keeping students engaged with appropriately challenging questions is es-
sential for sustaining motivation and fostering effective learning. Person-
alized learning systems, such as computerized adaptive testing and online
learning platforms, address this challenge by tailoring questions to a stu-
dent’s skill level. A key component of these systems is Question Difficulty
Estimation (QDE), which ensures optimal question selection to enhance
student engagement and learning outcomes.

Traditionally, QDE has relied on pretesting (Lane et al.,[2016)), in which
new questions are embedded within exams without contributing to stu-
dents’ scores. The responses to these questions, combined with data from
other test items, are then used to calibrate question difficulty using statis-
tical models, most commonly Item Response Theory (IRT) (Hambleton,
1991)). Although pretesting ensures reliable difficulty estimation, it is time-
intensive, costly, and carries the risk of prematurely exposing assessment
content.

To mitigate these limitations, previous research has explored supervised
machine learning (ML) approaches to QDE (Benedetto, 2023}, Benedetto
et al., 2023)). The current state of the art involves fine-tuning pre-trained
encoder-only Transformer models, such as BERT (Devlin et al., 2019), on
large collections of calibrated questions. Although this approach leverages
transfer learning to generalize difficulty estimation to new items, it still de-
pends on substantial amounts of calibrated training data, which is expensive
and difficult to acquire.

Advances in Large Language Models (LLMs) have opened up alter-
native avenues for QDE by enabling virtual pretesting. In this paradigm,
LLMs simulate student responses at various proficiency levels, producing
question—answer records that substitute for traditional pretesting data. Two
main strategies have been investigated: (i) Multi-LLM simulation: exploit-
ing the natural variation in accuracy across different LLMs, ranging from
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low to high-performing models (Park et al., [2024)); (i1) Role-playing with
a single LLM: prompting a single LLM to generate responses as if it were
a student of a specific skill level, ranging from low to high proficiency
(Benedetto et al., 2024). In essence, multi-LLLM simulation uses the differ-
ent “skill levels” of various LLMs, while role-playing forces one LLM to
answer by simulating different student skill levels.

Prior work merely adopts zero-shot prompting, thereby avoiding re-
liance on real question—answer records that may be unavailable in practice.
While the multi-LLM approach is competitive to supervised fine-tuning on
some datasets, its dependence on tens of LLMs makes it computationally
expensive and unsuitable for large-scale applications. Conversely, zero-
shot role-playing with a single LLM is more efficient but exhibits limited
alignment with real student behavior, reducing its reliability for practical
use in educational assessment.

To address these challenges, we propose a role-playing framework
that enhances virtual pretesting with in-context learning. Rather than re-
lying solely on zero-shot prompting, our approach processes real ques-
tion—answer records automatically collected from learning platforms.
These records are used to provide the LLM with rich information about
relevant student skills and misconceptions, with the aim of enabling the
LLM to more accurately replicate realistic response patterns. Compared
with calibrated questions required for supervised fine-tuning, such ques-
tion—answer records are cheaper and easier to obtain. Importantly, working
with this data also allows us to directly evaluate the degree to which LLMs
replicate authentic student behavior as an intermediate step, rather than only
assessing the final quality of difficulty estimates.

Our contributions are twofold. First, we introduce a framework that
integrates contextual information about student understanding into LLM-
based role-playing for virtual pretesting. Second, we conduct a systematic
benchmark of eight LLMs, encompassing two open-weight model families,
on the DBE-KT?22 dataset, and compare their performance against zero-
shot simulation baselines.

5.2 Related Work

Natural language processing (NLP) has been widely applied to QDE to
reduce reliance on manual calibration (Attali et al., [2014)) and pretesting
(Lane et al., |2016), both of which are costly and time-consuming. The
predominant approach is to train supervised models that predict item diffi-
culty directly from question text (AlKhuzaey et al., 2021; Benedetto et al.,
2023)). Earlier methods rely on traditional ML algorithms and handcrafted
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Figure 5.1: Overview of the methodology.

features, including linguistic indicators (Beinborn et al., [2015), word em-
beddings (Hsu et al., 2018 Yaneva et al., 2019, 2020), and TF-IDF rep-
resentations (Benedetto et al., [2020). More recent work has established
fine-tuning of pre-trained encoder-only Transformer models as the state of
the art (Benedetto, [2023; Thuy et al., [2025). Once trained, these models
allow for rapid calibration of unseen items, substantially reducing the need
for manual calibration and pretesting.

Despite these advances, supervised fine-tuning requires large labeled
datasets containing thousands of calibrated items, which are rarely available
in practice. Several approaches attempt to alleviate this data bottleneck. For
example, Loginova et al. (2021) propose an unsupervised method based on
additional pre-training combined with pairwise difficulty estimation, while
Thuy et al. (2024) employ active learning to approach supervised-level per-
formance with substantially fewer labeled examples.

More recently, researchers have begun to explore virtual pretesting, in
which student responses are simulated and used to estimate item difficulty.
This has been pursued either by prompting generative LLMs (Benedetto
et al., [2024; Park et al., 2024)) or by fine-tuning encoder-based LLMs on
existing student response logs (Maeda, 2025; Uto et al., 2025). Within the
generative setting, two strategies dominate: Multi-LLM simulation, which
leverages the diverse performance levels of different LLMs (Park et al.,
2024)), and Role-playing with a single LLM, where one model is prompted
to imitate students across a range of proficiency levels (Benedetto et al.,
2024} Liu et al., [2025F Sauberli et al., [2025).

Studies focusing on role-playing consistently adopt zero-shot prompt-
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ing and generally express skepticism regarding its feasibility for high-stakes
applications. They emphasize that LLMs, in the absence of contextual in-
formation, fail to capture the cognitive mechanisms underlying student re-
sponses, and therefore should not be relied upon for piloting educational
assessments. Collectively, this line of work highlights the need to move
beyond zero-shot prompting and to enrich LLM simulations with student-
specific contextual information.

5.3 Methodology

Our methodology evaluates the ability of LLMs to replicate and simulate
student learning behavior.

The approach consists of two main stages: Student Behavior Replica-
tion (Section [5.3.2) and Student Behavior Roleplay (Section [5.3.3). Both
stages leverage in-context learning, supported by a variety of example se-
lection strategies (Section [5.3.4)), to condition the model’s predictions with
information about relevant skills and misconceptions. The framework is
model-agnostic and does not require access to LLMs’ internal parameters.
Figure5.1]illustrates the overall framework.

As a preliminary step, we compile a database of skills and misconcep-
tions associated with each question’s correct answer and distractors (Sec-
tion [5.3.1). This information is later provided to the LLM in the system
prompt to enrich its predictions. Importantly, questions are partitioned into
train/validation/test splits, with corresponding splits applied to student in-
teractions. As a result, the same student ID may appear in both training
and evaluation sets, allowing us to assess how well the LLMs can simulate
individual students in a setting analogous to knowledge tracing (KT) (Shen
et al.,[2024).

While one could directly proceed from collecting misconceptions to
Roleplay, doing so would not reveal which model configurations are most
effective at replicating real student behavior. For this reason, we intro-
duce Student Behavior Replication as an intermediate step before moving
to Roleplay.

5.3.1 Collecting Skills and Misconceptions

The first step involves constructing a mapping between questions, answer
options, and the skills or misconceptions underlying those options. To this
end, we employ prompt engineering with a generative LLM. For each ques-
tion, the model is prompted to identify the skills required to select the cor-
rect answer, and list possible misconceptions that could lead a student to
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choose each distractor.

The result is a structured dictionary linking each question—answer pair
to either a skill (for the correct option) or a misconception (for distractors).
The full prompt template is provided in Appendix [5.A.1] For this step, we
use the reasoning model 04-mini (checkpoint “04-mini-2025-04-16") with
a default temperature of 1.0. Note that the resulting skills and misconcep-
tions are not manually evaluated.

5.3.2 Student Behavior Replication

In the replication stage, the LLM is prompted to predict whether one spe-
cific student will respond correctly to a new question, provided their student
level and a selection of skills and misconceptions from their prior interac-
tions as an indication of their current understanding. As such, the LLM
predicts on a per-interaction basis. This stage evaluates whether the LLM
can accurately reproduce individual student behavior, providing a direct
signal of its student-simulation capability.

Although effective replication is critical for virtual pretesting, prior
work has not explicitly assessed it, as existing studies ignore previous in-
teractions. Our framework addresses this gap by treating Replication as an
intermediate evaluation step that is more resource-efficient than proceeding
directly to Roleplay.

Within replication, the LLM adopts one of two personas:

* Student Persona: the model is instructed to act as a student at a given
proficiency level, reasoning from their skills and misconceptions to
select an answer.

* Teacher Persona: the model is instructed to act as a teacher, using
knowledge of a student’s skills and misconceptions to predict how
that student would answer.

Proficiency levels are computed with IRT on training interactions.
Prompt templates for both personas are available in Appendix [5.A.2]

Replication shares similarities with KT (Shen et al., 2024), which pre-
dicts student performance across a sequence of learning interactions. How-
ever, our setting differs from KT as it treats proficiency as static, without
modeling temporal learning dynamics. We only select examples previously
solved in time because Replication is used as an intermediate step towards
Role-playing.
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5.3.3 Student Behavior Roleplay

This stage evaluates the LLM’s ability to simulate the behavior of a pro-
totypical student at a certain proficiency level, rather than one specific stu-
dent. The objective is to generate synthetic student—question interactions
that reflect realistic performance patterns across different ability levels.
These synthetic interactions can then serve as input to downstream psy-
chometric models, such as IRT, for estimating item difficulty.

In this setting, the evaluation set of questions is combined with a pre-
defined number of proficiency levels (five in our experiments, though this
choice is flexible). Each question is answered once per proficiency level.
For example, with five levels and 20 questions, the model produces 100
simulated interactions.

As in replication, the LLM is prompted under both the Student and
Teacher personas, with identical prompt templates (Appendix [5.A.2). This
alignment ensures that replication provides a strong intermediate signal for
identifying configurations that transfer well to Roleplay.

5.3.4 In-context Example Selection Strategies

A central component of our framework is the dynamic construction of con-
textual information about skills and misconceptions. Each example selec-
tion strategy returns a list of k interactions, which are mapped (via the
dictionary described in Section to k skills and misconceptions and
inserted into the LLM’s system prompt.

We distinguish between individual-based and group-based selectors:
For Individual-Based Selectors (Replication), we use the interaction his-
tory of a single student:

* Random: Randomly sample £ past interactions from the target stu-
dent.

* Knowledge Concepts (KC): Identify all previously answered ques-
tions and select the k£ most conceptually similar ones (based on avail-
able knowledge concepts) to the target question, returning the corre-
sponding k student interactions.

For Group-Based Selectors (Roleplay), we use the interaction history of a
group of students who share the same proficiency level:

* Random: Randomly sample k interactions from the pool of students
at the target proficiency level.
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* Knowledge Concepts: Identify all questions answered by students
at that level, select the £ most conceptually similar ones (based on
available knowledge concepts) to the target question, and return a
random interaction for each.

Our methodology fits within the broader paradigm of in-context learn-
ing for prompt engineering (Dong et al., 2024), but differs from conven-
tional few-shot prompting. Instead of presenting standard input—output ex-
emplars, the prompts provide contextualized representations of skills and
misconceptions relevant to the target interaction.

We deliberately restrict our selection strategies to those that gener-
alize from Replication to Roleplay. For example, a Recency selector—
commonly used in KT—would exploit temporal ordering, but this does not
meaningfully extend to Roleplay across a group of students. That is, it
would not make sense to look at the most recently solved question over an
entire group of students, as students are on different learning trajectories.

5.3.5 1IRT Estimation

Based on a set of student-question interactions, we apply theories of testing
to model question difficulty and obtain a numerical estimate. The most
widely used framework for this purpose is IRT.

IRT (Hambleton, |1991) models latent traits for both students and ques-
tions. In its simplest form, the one-parameter model (i.e., “Rasch Model”
(Rasch, [1993))), each student ¢ is assigned a skill level 6; and each question
J is assigned a difficulty level b;. These latent traits are estimated through
a maximum likelihood procedure. At the core of the model lies the item
response function, which represents the probability Peorect that a student ¢
with skill level 0; correctly answers the question j with difficulty b;.

1
1 + 6—17(01—(73)

P correct —

Intuitively, a student with a given skill level 6; has a lower probability of
correctly answering more difficult questions (i.e., those with higher b;).

More advanced IRT models introduce additional latent traits for ques-
tions. The discrimination parameter a determines the steepness of the item
response function, while the guess factor c represents the probability that a
student correctly answers by guessing. The general item response function
can thus be written as:

1-— C;

14 6—1-7'ai'(9i—bj) ’

Peotrect = ¢; +

which reduces to the one-parameter model when a; = 1 and ¢; = 0.
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5.4 Experimental Setup

5.4.1 Dataset

The DBE-KT?22 dataset (Abdelrahman et al., [2022)), collected from a re-
lational databases course at the Australian National University, is one of
the only publicly available resources that provides both student—question
interaction data and the corresponding question text with answer options.
The dataset consists of multiple-choice questions (MCQs), for which we
compute question difficulty using IRT, regarded as the gold standard for the
regression-based QDE task.

To ensure consistency, we restrict the dataset to questions with four
answer options and students with at least 30 recorded interactions. For
students who answered the same question multiple times, only their first
attempt is retained. The dataset is split by question ID into training (92
questions), validation (23 questions), and test (39 questions) sets.

The training interactions, corresponding to the training questions, are
used for in-context learning and include 65,494 responses from 988 stu-
dents. Evaluation sets are subsampled and stratified across five proficiency
levels: the small validation set contains 100 interactions, while the large
validation and test sets each contain 500 interactions.

5.4.2 Evaluation Metrics

Student Replication is essentially a binary classification task, as the LLM is
prompted to predict whether a student will answer correctly. There is a class
imbalance as the students correctly answer about 70% of the interactions,
while the three distractors represent the remaining 30% of the interactions.
Therefore, we consider the balanced accuracy score between the LLM’s
response and the actual student’s response.

For Student Roleplay, we employ two metrics, assessing the LLM ques-
tion responses directly or assessing the question difficulty estimates ob-
tained with IRT. The main metric we use to evaluate QDE with continuous
levels, a regression task, is Root Mean Squared Error (RMSE) between the
gold standard difficulty and the LLM’s estimates after processing its sim-
ulated interactions with IRT. RMSE is the most commonly used metric in
the literature when handling continuous levels (Benedetto et al., 2023).

To gain further insights in the LLM Roleplay behavior, we assess the
LLM’s simulated interactions. The Monotonicity metric (/) (Benedetto
et al., |2024) builds on the idea that the LLM should predict that higher
student levels answer more questions correctly than lower student levels.
Therefore, it evaluates the correlation py, T between the LLM’s response
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correctness per student level L = (aj,ag,...,a5) and those observed
in the training set T, penalizing non-monotonic behavior in the correct-
ness sequence. The penalty for non-monotonicity (P) is calculated as:
Z?:l V0ait1 —a;| - I(ai+1 < a;), where I(-) is an indicator function.
The metric is the difference between the correlation score and the penalty
for non-monotonicity: M = py, t — P.

5.4.3 Configurations

For the Replication and Roleplay experiments, we employ the open-weight
model families Qwen3 (0.6B, 1.7B, 4B, 8B, 14B) (Yang et al., [2025)) and
Llama (3.2:1B, 3.2:3B, 3.1:8B) (Dubey et al., 2024). These differ from the
closed-source 04-mini model used in Section [5.3.1} where restrictive rate
limits made large-scale experimentation across multiple seeds infeasible.

For each model, we conduct Student Replication on the small validation
set across all combinations of: two prompt personas (Student and Teacher),
two example selectors (Random and Knowledge Concepts), three context
sizes (1, 3, and 5 examples), and two temperature settings (0.0 and 1.0).
This yields 24 configurations per model. Notably, prior studies on virtual
pretesting have fixed the temperature to 0.0, whereas we additionally ex-
plore 1.0. From these experiments, we identify the three best-performing
configurations per model and evaluate them on the large validation set. The
top configuration for each model is then further assessed on the Student
Replication test set. Finally, to reduce the computational costs of the ex-
periments, the best-performing configuration per model is applied to the
Student Roleplay test set.

As a primary baseline, we adopt the zero-shot LLM with temperature
0.0, reflecting the dominant setup in prior role-playing studies (Section[5.2).
We therefore determine the best-performing prompt persona on the large
validation set and evaluate each model under this setting on both test sets,
without additional context.

In addition, we introduce a simple Majority baseline: a student’s re-
sponse correctness is estimated from the average correctness of k£ randomly
sampled interactions from their history, where k corresponds to the context
size used in in-context learning. All reported results are averaged over three
independent runs with different random seeds.

For IRT estimation, the question difficulties b are estimated in the range
[-5;5], student skills 6 in [-3;3], discrimination a in [0;1.5] and guess factor
cis setto 0.
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Table 5.1: Best-performing configurations on Student Replication. The overall
best result in indicated in bold; the best result per model is underlined.

Model Size  Type Bal. accuracy T Persona Selector Size Temp.
06B Context 0.488 + 0.006 Teacher KC 5 1.0
) No context 0.453 + 0.003 Teacher — — 0.0
178 Context 0.500 -+ 0.000 Teacher KC 1 1.0
’ No context  0.500 + 0.000 Student — — 0.0
qwen3 4B Context 0.622 + ().(7)()5 Student KC 3 0.0
No context 0.579 + 0.003 Teacher — — 0.0
3B Context 0.577 + 0.006 Student Random 3 0.0
No context  0.611 + 0.004 Student — — 0.0
14B Context 0.602 + 0.009 Teacher Random 3 0.0
No context 0.598 + 0.002 Student — — 0.0
B Context 0.498 + 0.004 Student Random 3 0.0
No context  0.497 + 0.006 Student — — 0.0
llama3.2 1B Context 0.533 + 0.006 Student Random 1 1.0
No context 0.525 + 0.005 Teacher — — 0.0
lama3.l 8B Context 0.604 + 0.002 Student Random 1 0.0
’ No context  0.616 + 0.006 Student — — 0.0

5.5 Results and Analysis

5.5.1 Student Behavior Replication
5.5.1.1 Predictive performance

This section evaluates the predictive performance of both contextual and
non-contextual LLMs in replicating student response behavior. Non-
contextual LLMs serve as baselines, as they have been the dominant ap-
proach in prior literature, while we additionally compare against the Ma-
jority baseline. Table [5.1|reports the best-performing configurations on the
test set, along with the associated hyperparameters, after model selection on
the validation set. Table|5.2| presents the results for the Majority baseline.
The overall best-performing contextual model (qwen3:4B, 0.622 bal-
anced accuracy) achieves performance comparable to the strongest non-
contextual model (Ilama3.1:8B, 0.616). Thus, there is no consistent evi-
dence that contextualization improves replication accuracy. More broadly,
Student Replication remains a challenging task: the maximum balanced ac-
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Table 5.2: Contextual baseline results on Student Replication.

Model Size Bal. accuracy 1

1 0.537 + 0.004
Majority 3 0.537 + 0.007
5 0.539 £ 0.006

curacy of 0.622 is modest, and 6 of the 16 evaluated configurations fail to
exceed 0.50 (random baseline).

Table [5.2] shows that the Majority baseline achieves scores around
0.537-0.539 across the three history sizes, modestly outperforming chance
but substantially below the best LLM results. The strongest LLM config-
uration surpasses the Majority baseline by approximately eight percentage
points.

Analysis of hyperparameter effects reveals several consistent patterns.
The Student persona generally yields better replication accuracy than the
Teacher persona. Lower temperature (0.0) tends to outperform higher tem-
perature (1.0), suggesting that simply increasing stochasticity does not im-
prove replication quality. Medium-sized models (4B and 8B) outperform
both smaller models, which often fail to exceed 0.50, and the largest model
(14B). No clear trends are observed with respect to example selector or
history size.

5.5.1.2 LLM Answer Correctness

This section analyzes the response behavior of all contextual LLM config-
urations evaluated on the small validation set (192 in total). For each con-
figuration, we compute the proportion of interactions in which the LLM
predicts that the student will respond correctly, referred to as “LLM re-
sponse correctness”. Analogously, we compute the proportion of correct
responses from the true student interactions. It is important to note that
this “LLM response correctness” measure is therefore different from the
accuracy scores computed in the previous section, which directly compare
the LLM response to the student response. Figure shows the density
of LLM answer correctness over all configurations, Figure groups the
configurations by model family and model size, and Figure groups the
configurations by the remaining hyperparameters (prompt persona, exam-
ple selector, history size, and temperature). In each of the plots, the ver-
tical dashed line denotes the empirical student correctness rate of approxi-
mately 66%. Ideally, LLM correctness should align closely with the student
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u T T T T T T
-0.25 0.00 025 050 075 1.00 1.25
LLM answer correctness

Figure 5.2: LLMs’ response correctness over all contextual configurations. The
vertical dashed line denotes the students’ answer correctness.

rate. Importantly, LLMs are not provided with any prior information about
students’ response correctness, but only the skills and misconceptions ex-
tracted from them.

Figure[5.2]reveals a bimodal distribution of correctness rates. One mode
lies substantially below the student rate, while the other aligns closely with
1t.

Breaking results down by model family and size (Figure[5.3)) highlights
substantial variability both within and across families. Within the Llama se-
ries, llama3.1:8B and llama3.2:1B center around the student rate, whereas
llama3.2:3B performs poorly, with correctness centered near 0.15. By con-
trast, none of the qgwen3 models consistently align with student correctness:
the 4B and 14B models underpredict, while the 0.6B and 8B models over-
predict. The qwen3:1.7B model is omitted from the plot, as it predicts no
correct responses (0%), resulting in a degenerate distribution at 0% that
obscures the other curves. As such, the low answer correctness rates of
llama3.2:3B and qwen3:1.7B cause the bimodal distribution in Figure
Overall, no systematic relationship emerges between correctness rates and
model size.

Figure shows that hyperparameters other than the model family
have relatively minor influence. Variation across example selector and his-
tory size is limited, suggesting that LL.Ms extract little signal from the ad-
ditional context on student skills and misconceptions. This observation is
consistent with Table where increasing the history size or switching
from Random to Knowledge Concept selection does not consistently im-
prove performance. Surprisingly, correctness distributions at temperature
0.0 are wider than at 1.0, contrary to expectations that higher sampling
temperatures would cause greater variability.
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Figure 5.3: LLMs’ response correctness for contextual configurations in the
llama and qwen3 model families. The vertical dashed line denotes the students’
answer correctness.
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Figure 5.4: LLMs’ response correctness for varying hyperparameters of all con-
textual configurations. The vertical dashed line denotes the students’ answer cor-
rectness.

Finally, the alignment of the largest mode in Figure [5.2] with the stu-
dent correctness rate highlights the potential effectiveness of a multi-LLM
approach, as demonstrated in prior work (Park et al., 2024). Aggregating
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Table 5.3: Results on Student Roleplay. The overall best result in indicated in

bold; the best result per model is underlined.

Model Size  Type Monotonicity 1 RMSE |
0.6B Context 0.005 +0.307 2293 +£0.114
’ No context -1.118 +0.052  2.554 4+ 0.074
17B Context — 2.182 + 0.003
’ No context — 2.179 -+ 0.000
qwen3  4p  Context 0.759 + 0.100  2.458 4 0.069
No context  0.384 + 0.042 2.932 +0.016
3B Context 0.755 +0.094  2.256 + 0.149
No context 0.646 + 0.043 2.830 + 0.074
14B Context 0.891 + 0.073 2.609 + 0.222
No context  0.713 +0.032  2.733 4+ 0.030
B Context -0.540 + 0.543  2.815 + 0.053
No context  -0.187 + 0.167  3.193 + 0.049
llama3.2 ;p  Context 0.611 +0.199  2.630 + 0.067
No context  0.901 -+ 0.015 2.944 + 0.021
lama3.l 8B Context 0.552 +0.063  2.657 +0.172
’ No context 0.880 + 0.063 2.784 + 0.080

predictions from multiple models could yield correctness proportions that
closely match empirical student behavior. However, this study focuses on
Roleplay rather than Multi-LLM simulation, as the latter requires running
dozens of models simultaneously, making it computationally expensive and
impractical for large-scale deployment.

5.5.2 Student Behavior Roleplay

This section evaluates the role-playing performance of both contextual and
non-contextual LLMs in simulating student responses. As for the Student
Replication task, non-contextual models serve as baselines. Table re-
ports the results on the test set after model selection with Student Replica-
tion, as described in Section

The Monotonicity results align reasonably well with the findings from
Student Replication. Both contextual and non-contextual models achieve
strong scores, with the best reaching values around 0.90. Notably, the top-
performing non-contextual model in Replication (llama3.1:8B) also ranks
among the strongest on Monotonicity, while the second best contextual
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model in Replication (qwen3:14B) likewise performs well. Note that the
Monotonicity cannot be computed for qwen3:1.7B, as this model predicted
zero correct responses. We also observe relatively high standard errors for
some configurations, likely due to the nature the Monotonicity metric itself.

When using simulated responses to estimate question difficulty with
IRT, none of the LLMs yield meaningful results. The lowest RMSE is
obtained by qwen3:1.7B, but this model trivially predicts all answers as in-
correct, rendering its outputs uninformative. Other models, including those
with balanced accuracy above 0.60 on Student Replication, produce even
less accurate difficulty estimates.

These results highlight important limitations of LLM-based role-
playing. While certain models achieve reasonable performance on Student
Replication and exhibit strong Monotonicity on Student Role-playing, these
outcomes do not translate into sensible question difficulty estimates when
applied within an IRT framework. Consequently, Student Replication—
supervised on real student interactions—does not serve as a reliable proxy
for selecting models to generate question difficulty estimates. Currently,
LLM-based student role-playing remains unsuitable for real-world educa-
tional applications.

5.6 Conclusions and Future Work

This work investigates methods to enhance LLM-based student role-
playing by enriching the context with information on students’ previously
acquired skills and misconceptions. The goal is to balance the com-
putational demands of LLMs with the need for human-generated ques-
tion—answer data in order to improve virtual pretesting. Our findings show
that incorporating real student simulation data does not consistently im-
prove Replication performance. The most effective contextual settings vary
across models, emphasizing the need for model-specific prompt engineer-
ing. While Role-playing produces simulated responses with strong Mono-
tonicity scores, these outputs do not yield reliable question difficulty es-
timates under IRT. Overall, our findings are in line with earlier research:
although LLMs show some promise in replicating student behavior, their
current capabilities are insufficient for piloting high-stakes educational as-
sessments.

Future research could extend this work in several directions. First,
evaluating larger open-weight models (e.g., qwen3:32B, llama3.3:70B) and
state-of-the-art closed-source models (e.g., 04-mini, 03, GPT-5, Sonnet 4)
may provide new insights into generalization. Second, prompting LLMs
to predict the exact answer option selected by students, rather than only
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correctness, could yield more fine-grained replication. We could also man-
ually evaluate the quality of the skills and misconceptions obtained in Sec-
tion 5.3.1] To improve the results of IRT estimation, we can increase
the number of student levels to generate more interactions. Addition-
ally, we can enrich prompts with raw student interactions or by leverag-
ing longer contextual windows through Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020). Another promising direction is supervised
fine-tuning on a small set of real student interactions to directly align LLM
behavior with empirical data.

Finally, it is important to assess the generalizability of these meth-
ods beyond computer science education, in particular language learning.
While no large-scale multiple-choice datasets exist for this domain, the
FCE dataset of open-ended question responses (Yannakoudakis et al.,2011)
could be used to extract student skills and misconceptions, which can then
be evaluated in a multiple-choice setting on the CUP&A dataset (Mullooly
et al.,[2023). Such cross-domain evaluation will be essential to fully under-
stand the potential and limitations of LLLMs as student simulators in educa-
tional research.

Reflections and Clarifications

Simulating Students with LLMs

Previous studies have employed LLMs to simulate human survey re-
sponses, which has raised concerns regarding fairness and bias (Crockett &
Messeri, 2023} Harding et al.,[2024). While such concerns are particularly
relevant in educational contexts, we argue that they are less pronounced
than in general-domain surveys, as learning materials and exam questions
are typically designed to assess factual knowledge and to minimize the in-
fluence of wording on student performance (Ha et al.,2019).

Skills and Misconceptions

The skills and misconceptions generated by the LLM in Section [5.3.1]
based on student responses, were briefly reviewed by the authors for vali-
dation. To conduct a more comprehensive assessment of the reliability of
the LLM outputs, future work could involve multiple domain experts and
calculate inter-rater agreement using Fleiss’ kappa.

All outputs were manually verified to ensure they were valid JSON files
and that, as specified in the prompt, distractors begin with “Confuses” and
correct answers with “Understands”. An illustrative example is provided in
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Table 5.4: Example of generated skills and misconceptions.

Input question

Question: Which of the following commands do we use to delete all the
tuples from a relation (R)?

1. drop from R

2. delete from R v/

3. drop table R

4. delete table R

Generated skills and misconceptions

1. Confuses DROP with DELETE syntax

2. Understands SQL DELETE syntax, understands DELETE vs DROP
distinction

3. Confuses removing tuples with dropping table schema

4. Confuses DELETE statement requiring TABLE keyword

Table

IRT Estimation

IRT is widely applied in large-scale educational assessments, including
state examinations, college entrance tests such as the SAT, and language
proficiency assessments like the Cambridge English exams, among others.
The IRT framework relies on four key assumptions:

* Unidimensionality: the test measures a single knowledge concept.

* Local independence: for a given student, their responses to individual
items are statistically independent.

* Item invariance: item difficulty estimates are independent of the abil-
ity distribution of the test-takers.

* Monotonicity: students with higher ability levels have an equal or
greater probability of answering an item correctly compared to those
with lower ability.

Among these, unidimensionality is a particularly critical assumption.
Its appropriateness depends on the content and structure of the exam. For
instance, it would be unreasonable to apply a unidimensional IRT model to
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an assessment combining mathematics and history, as these domains mea-
sure distinct constructs. Conversely, modeling mathematical ability as a
single latent trait can be justified, as it encompasses related subskills such
as calculus and algebra.

While multidimensional IRT models exist, they also introduce certain
drawbacks. They estimate multiple independent latent traits, thereby ig-
noring potential correlations between skills. For example, a student who
excels in calculus is likely to perform well in algebra, indicating that these
abilities are not truly independent. A unidimensional IRT model, while a
simplification, implicitly captures such relationships by representing these
subskills as a single composite construct. Moreover, modeling multiple di-
mensions separately reduces the amount of data per skill, which can lead
to unstable parameter estimates and poor convergence. Finally, moving
from unidimensional to multidimensional modeling introduces questions
of granularity, for example, whether to treat Calculus I and Calculus II as
distinct dimensions or as part of the same latent trait.

Regarding item invariance, this property implies that administering the
same exam to different populations should yield consistent item difficulty
estimates. When comparing results across different exams, the IRT scales
can be linked through the use of anchor items, i.e., questions that appear in
both test forms. This linking allows adjusting the student ability estimates
(6) so they remain consistent across populations based on their response
patterns.

In our experiments, we set the guessing parameter c to 0.0, reflecting the
initial mix of items with three, four, and five answer options. Although the
final dataset included only items with four options, for which a guessing
parameter of ¢ = 0.25 would be more appropriate, this choice does not
affect the validity of our findings. In comparison, the multi-LL.M study by
Park et al. (2024) employed a one-parameter IRT model, fixing both the
guessing parameter (¢ = 0.0) and the discrimination parameter (@ = 1.0).

Working with Latent IRT Traits

An effective QDE model is a key component of any Al-assisted question
generation system. Given a new question, whether authored by a teacher or
generated by an LLM, the QDE model produces a predicted difficulty score.
This difficulty value represents a latent trait of IRT estimation. However,
such a value is not directly interpretable for teachers in a classroom context.

Recall that IRT estimation provides an item response function, which
defines the probability that a student ¢ with skill level §; answers the ques-
tion j with difficulty b; correctly. If a teacher possesses a set of real stu-
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dent—question interaction data, they can estimate a student skill level 6; for
each student in their class with IRT. Given an effective ML-based QDE
model and a new question j, they can compute a difficulty estimate b;.
Combining these two parameters enables the teacher to compute the prob-
ability of each student answering the question correctly.

For example, the system might show that a high-performing student,
Sarah, has a 90% chance of answering correctly, while a lower-performing
student, Thomas, has only a 40% chance. We hypothesize that such infor-
mation would be highly valuable for teachers when designing or selecting
exam questions. Ideally, this functionality should be integrated into an in-
teractive dashboard, allowing teachers to explore results dynamically and
focus on the most relevant insights for their instructional goals.

Multi-LLM Simulation

For virtual pretesting, an alternative to LLM role-playing is the multi-LLM
simulation framework, introduced in Section [5.1] This approach represents
virtual students through multiple LLMs, leveraging their natural variation
in response accuracy. In this work, we primarily emphasized that its re-
liance on numerous LLMs, often tens of models, renders it computation-
ally expensive and thus impractical for large-scale deployment. Another
consideration concerns its long-term viability, as the true answering capa-
bilities of LLMs continue to improve. Since IRT estimation depends on
both correct and incorrect “student” responses, the method becomes in-
effective if all LLMs consistently produce correct answers, analogous to
having a classroom of perfect students.

Even if older (and thus weaker) LLMs are used to represent lower-
performing students, practitioners must remain cautious when relying on
proprietary models. Providers may deprecate older versions as newer, more
capable models are released, which would compromise the sustainability of
the multi-LLM simulation approach.

Given the limited performance observed in the role-playing LLM setup,
we hypothesize that the small number of virtual students (five in this study)
may constrain its effectiveness. Recall that in role-playing, the number of
virtual students corresponds to the number of simulated proficiency lev-
els. However, increasing this number is not straightforward: expanding
from five to ten student levels would require the LLM to maintain con-
sistent performance gradations across levels, which becomes increasingly
challenging.

In contrast, in the multi-LLM simulation, the number of virtual stu-
dents simply equals the number of LLMs used, making it easy to scale by
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adding more models. A promising direction for future research would be to
explore ensembles of role-playing LLMs, effectively bridging the gap be-
tween the two paradigms. For example, employing five role-playing LLMs,
each simulating five proficiency levels, would yield a cohort of 25 virtual
students, potentially combining scalability with behavioral diversity.

Directly Prompting for QDE

An alternative approach is to omit the virtual pretesting step and instead
directly prompt the generative LLM to estimate question difficulty. This
method more closely resembles prior applications of encoder-based LLMs
with supervised fine-tuning (Chapters [3|and @), where models predict either
a manually annotated difficulty label (discrete) or the latent difficulty trait
from an IRT model (continuous).

We hypothesize that the performance of this technique will depend
heavily on the type of difficulty construct being predicted. For manually
annotated labels, such as the well-known CEFR language levels, LLMs are
likely to perform well, having encountered numerous examples during pre-
training that enable them to distinguish effectively between discrete profi-
ciency levels. In contrast, predicting latent difficulty parameters from an
IRT model poses a greater challenge, as it requires the LLM to infer subtle
quantitative relationships through zero-shot or few-shot learning.

In IRT estimation, difficulty bounds are user-defined; for instance, the
CUP&A dataset from Cambridge University (Mullooly et al., 2023) defines
question difficulty on a numerical scale ranging from [30, 110]. Even when
provided with demonstrations, it is far more difficult for an LLM to grasp
how questions with difficulty values of 30, 40, or 50 relate to each other
than to differentiate between more interpretable categorical levels such as
Al, A2, or B1. This difference in semantic interpretability may ultimately
result in lower predictive performance for latent-trait difficulty estimation.

Prompt Engineering

In our initial experiments, we explored two prompting strategies: (1) ask-
ing which of the four answer options a student would select, and (2) asking
whether a student would answer the question correctly. Intuitively, one
might expect that the first approach, combined with a post hoc check for
correctness, would produce response patterns similar to the second ap-
proach. However, our results showed otherwise: under approach (1), the
LLMs predicted a substantially higher proportion of correct responses (ap-
proximately 90%) compared to approach (2) (around 60%). In several
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cases, the correctness rate under approach (1) was close to 1.0, which un-
dermines IRT estimation, as it relies on a mix of correct and incorrect re-
sponses. This inconsistency indicates instability between prompting strate-
gies and raises concerns about their reliability for real-world assessment
scenarios.

To clarify that the LLM is allowed to respond that a student will answer
incorrectly, we added the following sentence “You can answer incorrectly,
if that is what the student is likely to do for this question.” We also encour-
aged chain-of-thought reasoning by using reflective phrasing such as “think
how that student of level Fundamental Awareness would answer it, keep-
ing in mind their skills and misconceptions”. Additionally, we emphasized
the relationship between question difficulty and student level, for exam-
ple by including “Think about how the student level relates to the question
difficulty”. This modification helps the LLM reason about the expected
likelihood of a correct response for students at different proficiency levels.

We further experimented with various educational scales to represent
student ability. Specifically, we considered exam grades (e.g., Ameri-
can letter grades “A”—“F) and non-standardized scales (e.g., “one”—"“five”,
“17—5”, “Fundamental Awareness”—“Expert”). We ultimately selected
the latter to describe the skill progression, ‘“Fundamental Awareness”—
“Expert”. To enhance interpretability for the LLM, we combined textual
and numerical representations when listing the scale, i.e., “1. Fundamental
Awareness, 2. Novice, 3. Intermediate, 4. Advanced, 5. Expert”.

It is important to note that the prompt always includes the correct an-
swer option. In this study on student role-playing, the LLM is instructed to
reason about how a student of a given level would respond knowing which
option is correct. The goal is not for the model to identify the correct an-
swer itself, but to reason about how the student’s ability (and, in contextual
models, their skills and misconceptions) would influence their choice of
answer. This setup is fundamentally different from multi-LLM simulation,
in which each LLM attempts to answer the question correctly.
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Appendix 5.A Prompts

5.A.1 Collecting skills and misconceptions

Table [5.5] shows the prompt template used to collect skills and misconcep-
tions. The variable input represents the multiple-choice question.
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Table 5.5: Prompt template for collecting skills and misconceptions.

Prompt

SYSTEM:

You are shown a multiple choice question of an exam on {exam_type }. You have to analyse the question as follows:

- Skills: for the correct answer option, list the knowledge concepts that the student should know to correctly select it;

- Misconceptions: for each distractor, list the misconceptions that might lead the student to select it;

Your answers should be very concise; each field should have a maximum of 10 words. The skill description should start with
‘Understands’ and the misconception description should start with ‘Confuses’.

USER:

Multiple choice question: {input}

5.A.2 Student Behavior Replication & Roleplay

Table|5.6|shows the prompt templates used in Replication and Roleplay, for
the Student and Teacher personas, for the contextual and non-contextual
settings. The variable exam_type is the string “database systems (De-
partment of Computer Science)” and the variable student_scale is the
string “(of levels 1. Fundamental Awareness, 2. Novice, 3. Intermediate, 4.
Advanced, 5. Expert)” for all configurations. The variable input repre-
sents the multiple-choice question. Table[5.7] provides an example prompt,
where the variables are filled in.

Appendix 5.B Additional results

Figure [5.5] shows the density of the validation balanced accuracy over all
contextual configurations, grouped by model family and model size, and
Figure [5.6] groups the configurations by the remaining hyperparameters
(prompt persona, example selector, history size, and temperature).

When examining the balanced accuracy scores, we observe that the
LLM selection has a large impact on the balanced accuracy scores ob-
tained. From the llama model family, llama3.1:8b performs best, while for
the gwen3 model family, the 4B parameter model performs best. Not only
the center of the distributions vary significantly, the spread also differs. For
example, in the llama model family, the distributions of llama3.2:1b and
llama3.2:3b have a similar mean, but the 1B parameter model has a much
wider spread. Furthermore, for qwen3, the highest-scoring 4B configura-
tions have a strong balanced accuracy, but there are also plenty of model
configurations that performs poorly (i.e., around score 0.55). This indicates
that hyperparameter tuning of the prompt is crucial to obtain acceptable
performance.

Of all four hyperparameters, temperature has the largest effect on the
distribution of the balanced accuracies. Configurations with temperature
0.0 have higher balanced accuracy scores. We also observe this trend in the
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Table 5.6: Prompt template for student and teacher personas.

Type

Prompt

Student - contextual

SYSTEM:

You are a student of level {student_level_group} {student_scale} working on an exam on {exam_type},
containing multiple choice questions. From your earlier answers on the exam, the teacher has identified
a set of knowledge concepts that you master and a set of misconceptions that you have. Inspect the new
question and think how you would answer it as a student of level {student_level_group}, keeping in mind
your skills and misconceptions. Think about how the student level relates to the question difficulty. You
can answer incorrectly, if that is what the student is likely to do for this question.

Mastered knowledge concepts: {skills}

Misconceptions: {misconceptions }

USER:

New multiple choice question: {input}

Student - no context

SYSTEM:

You are a student of level {student_level_group} {student_scale} working on an exam on {exam_type},
containing multiple choice questions. Inspect the new question and think how you would answer it as a
student of level { student_level_group }. Think about how the student level relates to the question difficulty.
You can answer incorrectly, if that is what the student is likely to do for this question.

USER:

New multiple choice question: {input}

Teacher - contextual

SYSTEM:

You are an expert teacher preparing a set of multiple choice exam questions on {exam_type }. From earlier
tests of a student of level {student_level_group} {student_scale} in your class, you have identified a set of
knowledge concepts that they master and a set of misconceptions that they have. Inspect the new question
and think how that student of level {student_level_group} would answer it, keeping in mind their skills
and misconceptions. Think about how the student level relates to the question difficulty. You can answer
incorrectly, if that is what the student is likely to do for this question.

Mastered knowledge concepts: {skills}

Misconceptions: {misconceptions }

USER:

New multiple choice question: {input}

Teacher - no context

SYSTEM:

You are an expert teacher preparing a set of multiple choice exam questions on {exam_type }. Inspect the
new question and think how that student of level {student_level_group} {student_scale} would answer it.
Think about how the student level relates to the question difficulty. You can answer incorrectly, if that is
what the student is likely to do for this question.

USER:

New multiple choice question: {input}

final test set results in Table [5.1] as most contextual model configurations
have temperature 0.0 for the optimal configuration. For the other hyperpa-
rameters, there is little difference in the distributions and as such, no clear

trends.

In sum, the LLM selection seems to have a much larger impact on the
final performance than the prompt settings. Moreover, we note that hy-
perparameter tuning of the prompt of an LLM is important to obtain good
performance, there are no clear trends in what works best across the differ-
ent LLMs. In other words, the optimal prompt settings do not generalize

across models.
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Table 5.7: Example prompt with variables filled in.

Prompt

SYSTEM:

You are an expert teacher preparing a set of multiple choice exam questions on database systems (Department of Computer Science).
From earlier tests of a student of level Fundamental Awareness (of levels 1. Fundamental Awareness, 2. Novice, 3. Intermediate, 4.
Advanced, 5. Expert) in your class, you have identified a set of knowledge concepts that they master and a set of misconceptions that
they have. Inspect the new question and think how that student of level Fundamental Awareness would answer it, keeping in mind
their skills and misconceptions. Think about how the student level relates to the question difficulty. You can answer incorrectly, if
that is what the student is likely to do for this question.

Mastered knowledge concepts:

- Understands candidate key implies superkey

- Understands relational model attribute definition, Understands differences between attributes, tuples, relations

- Understands SQL CREATE TABLE syntax

Misconceptions:

- Confuses tuple (row) with whole table

- Confuses primary key with enforcing relationships

USER:

Multiple choice question:

Question: “Which of the following commands can be used to remove attribute A from a relation R?”
Options:

. “Alter table R delete A”

“Alter table drop A from R”

. “Alter table R drop column A”

“Delete A from R”

Correct answer: “3”

AL~

AT:
role: "assistant"
content: {
student._correct: false

}
49
74 [ llama3.2:1b [ gqwen3:0.6b
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Figure 5.5: LLMs’ validation balanced accuracy for contextual configurations
in the llama and qwen3 model families.

Appendix 5.C Implementation Details

We use the Python package pyirﬂ to perform IRT analysis, estimating ques-
tion difficulties and students’ abilities and based on their question-answer
records. The LLM in-context learning is performed using the LangChain

"https://github.com/17zuoye/pyirt

129


https://github.com/17zuoye/pyirt

LEVERAGING MISCONCEPTIONS WITH IN-CONTEXT LEARNING TO
SIMULATE STUDENTS WITH ROLE-PLAYING LLMS

301 RN Prompt persona 30 O\
’ / A [ Teacher ’ \
S Student i -
2.5 / — \ 25
\ /
= 2.0 4 > 2.0 1 Example selection
2 2 1 Random
8 1.5 2 1.5
a / a Knowledge Concept
1.0 1.0 / \
0.5 J 0.5 1 J \
0.0 T T T 0.0 T T T T T
0.4 0.5 0.6 0.7 0.8 0.4 0.5 0.6 0.7 0.8
Balanced accuracy Balanced accuracy
2.0 A\ Number of examples 4 Temperature
| m— | 1 0.0
3 1.0
154 /¢ /5 3
= / =
2 2 N
3101 / \ 3 2+ // \//X_\
N / \ | /j \
0.0 T T T T T 0 T T T T T
0.4 0.5 0.6 0.7 0.8 0.4 0.5 0.6 0.7 0.8

Balanced accuracy

Balanced accuracy

Figure 5.6: LLMs’ validation balanced accuracy for varying hyperparameters
of all contextual configurations.

package (Chase, 2022)) and the open-weight LLMs are run with Ollamalﬂ

Zhttps://github.com/ollama/ollama
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Conclusion

The central aim of this dissertation is to investigate and address key chal-
lenges that hinder the practical adoption of machine learning (ML) in learn-
ing analytics. While neural networks (NNs) are widely explored in aca-
demic research for educational applications, their deployment in real-world
educational settings remains limited due to a number of persistent obsta-
cles. This work draws on techniques from uncertainty quantification (UQ)
and natural language processing (NLP) to tackle these challenges, leading
to several contributions.

Although the individual chapters focus primarily on two core
applications—student performance prediction and question difficulty es-
timation (QDE)—the methods developed and insights gained are broadly
applicable to other problems within education, more generally to Al for
Social Good (AI4SG) domains, and other fields. In what follows, we sum-
marize the main findings, reflect critically on the three challenges, discuss
the implications for stakeholders, and describe the limitations and promis-
ing directions for future research.

6.1 Overview of Contributions
At a broader level, this dissertation highlights three main findings.
First, UQ techniques are critical in calibrating the trustworthiness of

NNs for educators and decision-makers. In student performance predic-
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tion, NNs often produce confidently incorrect predictions when exposed
to unseen situations, such as new student cohorts or different courses. By
coupling UQ to classification with rejection, models can defer uncertain
predictions to human experts, thereby reducing the risk of harmful misclas-
sifications and improving decision-making in high-stakes environments.

Second, QDE can be effectively performed with limited labeled data,
increasing the accessibility of such tools to educators. We explore two
approaches: (1) Active learning, which uses a small set of labeled exam
questions and selects the most informative samples from a larger pool of
unlabeled questions, and (2) Virtual pretesting, which simulates student
responses based on their earlier skills and misconceptions. We find that
active learning works well in reducing the data requirements, but virtual
pretesting’s performance is currently not sufficient for real-life applications.
These methods are particularly relevant for content creators as it is easy
to obtain new question proposals with generative large language models
(LLMs), but challenging to estimate the question difficulty because it is
time-consuming and mentally demanding.

Third, explicitly capturing the ordinal structure inherent in many edu-
cational tasks leads to more principled evaluation metrics and more appro-
priate modeling approaches. Examples include essay grading (e.g., “A’-
“F”) and QDE (e.g., “easy”, “medium”, “hard”). Aligning ML methods
with human intuitions about ordinal data improves their practical relevance
and interpretability for course instructors.

In more detail, Chapter |2, “Explainability through Uncertainty: Trust-
worthy Decision-Making with Neural Networks”, introduces a general UQ
framework that positions uncertainty estimates as a form of explainable
Al (XAI). The framework enhances interpretability through local, model-
specific explanations and integrates classification with rejection to involve
human experts in uncertain cases. Applied to student performance predic-
tion, the study shows that standard NNs become overconfident under distri-
bution shifts, while models equipped with UQ appropriately flag uncertain
predictions, thereby leading to appropriate trust in ML systems.

Chapter [3| “Active Learning to Guide Labeling Efforts for Question
Difficulty Estimation”, investigates how active learning can reduce annota-
tion costs for QDE. A novel acquisition function, PowerVariance, is intro-
duced to identify highly informative and diverse samples using epistemic
uncertainty. Experimental results show that this method achieves perfor-
mance close to fully supervised models while requiring labels for only 10%
of the training set.

Chapter ] “Ordinality in Discrete-Level Question Difficulty Estima-
tion: Introducing Balanced DRPS and OrderedLogitNN", highlights the or-
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dinal nature of discrete difficulty levels in QDE. Prior research has ignored
the ordinal structure, from easiest to hardest, both in the choice of model-
ing paradigms and in the design of evaluation metrics. This study proposes
the balanced DRPS and the OrderedLogitNN model, and benchmarks the
three types of model outputs—discretized regression, classification, and
ordinal regression. Results show that OrderedLogitNN significantly out-
performs traditional classification and regression baselines, particularly on
more complex tasks, and that balanced DRPS provides a more principled
basis for evaluation.

Chapter [5] “Leveraging Misconceptions with In-Context Learning to
Simulate Students with Role-Playing LLLMs”, presents a framework that
enriches LLM-based student simulation by incorporating prior question-
answer records to capture students’ skills and misconceptions. Whereas
earlier approaches relied on zero-shot role-playing with limited effective-
ness, this study evaluates the potential of contextualized role-playing. The
findings show that incorporating such contextual information does not con-
sistently improve performance in replicating or generating student interac-
tions. Consequently, current LLM capabilities remain inadequate for sup-
porting high-stakes educational assessment.

6.2 Ciritical Reflection

Across the chapters of this dissertation, three key challenges are addressed
that currently limit the adoption of ML in learning analytics. Among these,
the dissertation makes strong progress in tackling the issue of misaligned
evaluation metrics. This work emphasizes the importance of ordinal pre-
diction tasks and introduces both a novel evaluation metric and a NN ar-
chitecture derived from econometrics. These contributions have broader
applicability in learning analytics, particularly in the automated evaluation
of assessment content.

The second challenge involves limited generalization. This issue is mit-
igated through the use of UQ techniques that indicate when a NN’s pre-
dictions should not be trusted. Although the proposed framework demon-
strates that rejecting highly uncertain predictions can substantially reduce
misclassifications, the UQ techniques do not provide a formal guarantee of
robustness in their estimates.

The third and most demanding challenge pertains to data scarcity,
where the focus is on approaches that require fewer labeled examples.
While active learning effectively reduces the need for manual annotation,
it remains computationally intensive. Furthermore, virtual pretesting pro-
duces disappointing results and is currently unsuitable for real-world appli-
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cations. The following sections further elaborate on these considerations.

6.2.1 Limited Generalization

A central challenge in developing ML systems for learning analytics lies in
ensuring their safe deployment and ability to generalize across diverse con-
texts, including different courses, subjects, and student populations. This
issue was directly examined in Chapter 2] which focused on student perfor-
mance prediction. The study demonstrated that UQ can mitigate the risks
associated with overconfident NNs under distribution shifts, an essential
step toward trustworthy deployment. By coupling UQ with a classifica-
tion with rejection scheme, the approach introduced a human-in-the-loop
safeguard that enhances the reliability of ML systems in high-stakes educa-
tional decisions.

In this work, we argue that UQ in ML systems is a crucial tool for
educational professionals in building appropriate trust, i.e., alignment be-
tween the perceived and actual performance of the ML system. The results
demonstrate that there is a clear link between observations having high un-
certainty estimates and observations with incorrect predictions. In a subse-
quent step, it is important to empirically validate whether UQ indeed helps
educators in determining when to trust an ML model’s prediction and when
not to. Pilot studies are important to confirm the findings with real human
participants, which would potentially increase the adoption rates of learn-
ing analytics tools. Schools should begin with small-scale pilot studies to
test the methods’ value, ethical impact, and infrastructure demands before
institution-wide roll-out.

Due to privacy concerns, most educational datasets exclude sensitive
attributes such as gender, age, first language, or learning disabilities. While
this is essential for protecting students, it also makes it difficult to monitor
demographic shifts that may correlate with changes in academic prepared-
ness or learning behaviors. Without such information, models may silently
underperform for subgroups of students. We therefore advocate for poli-
cies that enable the release of anonymized and responsibly governed demo-
graphic data, striking a balance between privacy protection and fairness in
model deployment. Such practices would allow institutions to better detect
distribution shifts, thereby improving model safety.

An important limitation of the UQ methods used is that they lack a for-
mal notion of robustness. Although they have been shown to perform well
in different scenarios of distribution shifts (Ovadia et al., [2019) and also
perform well in our study, they do not provide guarantees. A promising
direction of recent work is incorporating conformal prediction (CP) (Vovk
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et al., 2005) into the methods that quantify aleatoric and epistemic uncer-
tainty (cfr. reflections on Chapter [2] for more details). CP is a frequentist
framework for representing uncertainty by providing prediction sets that
guarantee coverage of the true label with a user-adjustable probability. As
such, it could be leveraged to obtain statistical guarantees on the aleatoric
and epistemic uncertainty values, greatly improving their applicability in
real-life settings.

While UQ allows models to detect when they should not be trusted, it
does not resolve the underlying problem of generalization failure. To this
end, we could explore test-time adaptation (Croce et al., [2023; D. Wang
et al.,[2021) or continual learning approaches (L. Wang et al., 2024). These
approaches allow models to dynamically adjust to new cohorts or course
content and reduce the need for manual re-training in educational environ-
ments, rather than simply flagging uncertainty.

6.2.2 Data Scarcity

A persistent challenge in learning analytics is the lack of high-quality
datasets. Alternatively, we can say that the data requirements of current
learning analytics tools are too high. This challenge was addressed in Chap-
ters [3] and [5] on QDE. The dissertation demonstrated that the amount of
labeling work for human experts can be reduced by orders of magnitude
using active learning. However, simulating student responses (i.e., virtual
pretesting) with generative LLMs does not perform well enough for pilot-
ing educational assessments.

Active learning iteratively requests labels from a human expert and is a
human-in-the-loop approach. This dissertation proposed a method for batch
acquisition, which allows showing a batch of observations for labeling to
the human as opposed to a single observation. This makes the labeling pro-
cess more efficient. However, iteratively prompting a human expert is not
a straightforward task in practice. Alternatively, we could investigate other
methods to further reduce the amount of human involvement, such as self-
training (Amini et al., [2025) (which uses pseudo-labeling) and prompting
generative LLMs instead of human for a label. While these labels are nois-
ier, the absence of a human-in-the-loop makes the approach significantly
more scalable and cost-efficient.

As virtual pretesting with in-context learning does not yield satisfac-
tory results for adoption in real-life settings, we could investigate alterna-
tive approaches. A promising direction is retrieval-augmented generation
(RAG) (Lewis et al., 2020), which incorporates additional context—such
as longer prior student behavior or course materials—into the generation
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process. Another approach is supervised fine-tuning on a small set of real
student interactions, in order to directly align LL.M behavior with empirical
data. This could lead to more accurate and realistic simulations of student
performance.

On a broader level, issues due to limited generalization are often
interconnected to data scarcity. A lack of data frequently pushes re-
searchers to rely on data from other courses or institutions. Yet, contex-
tual differences—such as the structure of academic programs (semesters
vs. modules), modes of instruction (in-person, online, or blended), and
country-specific educational systems (e.g., tuition models)—make gener-
alization difficult. For example, a student’s online learning behavior may
not be representative of their in-person learning behavior, raising concerns
about validity when transferring models across contexts. Policymakers
should therefore establish standards for documenting datasets, ensuring that
both researchers and practitioners are aware of limitations in generalization.

6.2.3 Misaligned Evaluation Metrics

The challenge of misaligned evaluation metrics potentially hinders the
adoption of learning analytics tools by educators. By introducing the Bal-
anced DRPS and the OrderedLogitNN model in Chapter[d] we not only im-
proved predictive performance but also realigned evaluation metrics with
how humans typically reason about difficulty—as an ordered rather than
categorical construct.

Outside QDE, the proposed methods also have broader relevance for
other automated evaluations of assessment content with ordinal labels, in-
cluding automated essay grading, where students receive letter grades (e.g.,
“A”—“F”). Furthermore, we could set up pilot studies to examine whether
ordinal metrics like balanced DRPS correlate better with teacher judgments
than conventional accuracy-based metrics, thus empirically validating their
value in education. This is crucial for maintaining relevance and eventually
leads to improved adoption of the learning analytics system.

6.2.4 Other Challenges
Infrastructural Considerations

Computational demands is a crucial point in learning analytics, as it in-
volves running compute-intensive ML models. Generally, schools must
decide whether to invest in on-premise compute clusters or use cloud com-
puting. Key differences include location of data, cost structure, scalability,
and control, with on-premise offering more direct control and the cloud

136



6.2 CRITICAL REFLECTION

providing greater flexibility and scalability. In Chapter 3| active learning
essentially introduces a trade-off between human effort and computational
cost. Active learning requires iterative retraining, which increases compute
costs but reduces labeling effort. The generative LLMs from QDE used in
Chapter [5] are more compute-intensive than the encoder-based models in
Chapters 3| and 4

The learning analytics systems must also integrate seamlessly with
existing Learning Management Systems (LMS). For example for Chap-
ter[2] ideally there is a centralized dashboard to provide actionable insights:
student performance predictions and progress tracking, corresponding ML
uncertainty values, options for educators to manually override ML predic-
tions, and automated alerts for at-risk students and decision-support for
interventions.

There are also implications for maintenance of learning analytics sys-
tems. Frequent updates in LLMs or ML frameworks pose a maintenance
risk: if a closed-source model is deprecated, previously validated work-
flows may break or degrade. In contrast, open-weight or open-source al-
ternatives offer more control and longevity but require internal expertise to
manage updates. Given that Chapter [5] demonstrates that optimal prompt
engineering setting do not generalize over LLMs, this increases the cost of
setting up a virtual pretesting workflow and the cost of long-term mainte-
nance. Importantly, successful deployment depends not only on technical
infrastructure but also on human infrastructure. Educators and IT staff need
to be trained to interpret analytics outputs and manage ethical issues.

Ethical and Privacy Considerations

In terms of data privacy and security, protecting sensitive student-level
data is key. Student grades, demographics, and behavioral traces (e.g., log
data from learning management systems used in Chapter [2)) are personal
data under GDPR and require careful handling. Institutions must define
clear access policies—who can access, process, and visualize the data—and
where the data are stored (local servers or cloud platforms). Data should
be encrypted and anonymization or pseudonymization should be manda-
tory. Furthermore, there is also a third-party risk. When using external
learning platforms or cloud-based analytics tools, institutions risk trans-
ferring sensitive data to third parties. Even de-identified datasets can be
reverse-engineered if combined with external data sources. For example, if
external companies gain access to performance proxies from online learn-
ing platforms, they might target only high-performing students, reinforcing
inequality.
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In addition to data storage, a vulnerable point in privacy is actually run-
ning generative LLMs on the data (Chapter[5)). That is, student answers and
potentially identifiable content might be processed by third-party LLM
APIs, but even open-weight models can leak sensitive data if hosted exter-
nally on cloud servers. Open-weight, locally hosted models are preferable
when possible, though they require higher compute and maintenance effort.
Zero-shot LLLMs investigated in previous work are ethically safer as they do
not rely on real student data for contextualization.

Importantly, students should know what data are collected, why, and
how it is used (i.e., informed consent). Opt-in or opt-out mechanisms
should be available, especially for predictive analytics used in grading or in-
terventions. Predictive models can encode or amplify existing biases if de-
mographic features (e.g., gender, socioeconomic status) correlate with aca-
demic outcomes. Including such features may improve predictive accuracy
but risks unfair treatment. We recommend doing performance evalua-
tion on different subgroups (e.g., sociodemographics) to assess whether the
model performs appropriately on the groups, including minorities. There is
often a tension in this field as excluding demographic variables might hide
structural inequalities rather than addressing them, which is something that
should be carefully considered.

6.3 Implications for Stakeholders

The findings of this dissertation have implications that extend beyond the
technical research community. They concern the daily practices of teachers,
the learning experiences of students, the responsibilities of school boards,
the innovation pathways of software vendors, and the regulatory perspec-
tives of policy makers. Across all stakeholder groups, a central theme
emerges: artificial intelligence (Al) in education should not aim to replace
human expertise, but to enhance it through uncertainty-awareness, trans-
parency, and efficiency. In this section, we discuss how each group might
interpret and apply the results.

6.3.1 Teachers and Instructors

Teachers increasingly face pressure to personalize learning, identify at-risk
students, and design fair assessments. First, this work calibrates teachers’
trust in predictions. By showing that NNs can be “confidently wrong”,
it emphasizes the need for caution when adopting predictive tools. For in-
structors, this means that Al enhanced with UQ can act as a supportive
tool: predictions are offered where the system is confident, while ambigu-

138



6.3 IMPLICATIONS FOR STAKEHOLDERS

ous cases are explicitly flagged for human judgment. Second, it provides
assessment support to teachers. The findings on QDE suggest that teach-
ers can rely on data-efficient methods (active learning) to support exam
preparation, reducing the time to evaluate large pools of potential exam
questions. This is particularly valuable in a context where generative LLMs
can rapidly produce candidate questions. Third, it improves the grading
fairness in classrooms. By emphasizing the ordinal structure of assessment
tasks, this work aligns algorithmic evaluation with teachers’ natural grading
practices. Models that recognize progressions such as “easy”’—"“medium”—
“hard” or “A”-“F” provide outputs that are easier for instructors to interpret
and to trust.

6.3.2 Students

For students, the most important outcomes concern fairness, transparency,
and trust. First, this work reduces harm from student misclassifica-
tion. When predictive models are overconfident in their errors, students
risk being mislabeled, either as struggling when they are not, or as high-
performing when they need support. By explicitly modeling uncertainty,
the methods presented here reduce such risks and ensure that students are
less likely to be incorrectly classified. Second, it provides fairer eval-
uations of students and learning material. Similarly, ordinal-aware ap-
proaches to grading and difficulty estimation reflect the incremental nature
of learning, ensuring that automated judgments align more closely with
students’ actual performance levels. This reduces the risk of arbitrary or
inconsistent outcomes and fosters trust in educational technologies. Third,
it advocates for responsible use of LLMs in education. This work shows
that current role-playing approaches with generative LLMs are not yet suffi-
ciently reliable for high-stakes assessment. For students, this is a protective
finding: it prevents premature adoption of technologies that might other-
wise influence grading or feedback in ways that are inconsistent or biased.

6.3.3 School Boards and Administrators

School boards face the dual challenge of improving outcomes while us-
ing resources efficiently. First, this work guides resource allocation of
school personnel. Predictive systems that incorporate UQ can signal when a
model’s output should not be trusted. When models defer uncertain cases to
human experts, scarce support staff such as counselors, tutors, or advisors
can focus their efforts on the students who most need attention. Second,
transparent evaluation metrics such as balanced DRPS strengthen institu-
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tional accountability. They provide school boards with principled ways
to assess the reliability of Al tools before adoption, ensuring compliance
with internal standards and external regulations. Third, as early-warning
systems are deployed, it highlights the need to carefully register when
and how early-warning interventions take place, possibly in collabora-
tion with educational software vendors. Such records provide valuable su-
pervision signals for assessing which interventions are most effective for
different student groups, creating a feedback loop that can guide future de-
cisions.

6.3.4 Educational Software Vendors

Vendors are under pressure to innovate quickly while maintaining trust-
worthiness. First, this work offers insights that support product differenti-
ation. Incorporating UQ into predictive systems allows vendors to market
their tools as not only powerful but also trustworthy. A learning analyt-
ics dashboard that explains when the Al is uncertain is more attractive to
schools than a black box. Second, the findings highlight strategies that
help reduce costs. Active learning provides a practical advantage for ven-
dors: it reduces the annotation costs associated with building assessment
systems. This lowers development costs and accelerates innovation cycles,
making it feasible to extend ML systems to multiple subjects and educa-
tional contexts. Third, it promotes user adoption as ordinal-aware met-
rics and models produce outputs that align with teachers’ intuitions. This
makes these systems more interpretable and user-friendly, which increases
the likelihood of long-term adoption.

6.3.5 Policy-Makers and Regulators

For policy-makers, the key concern is responsible integration of Al into ed-
ucation. First, this work aligns directly with principles of risk mitigation
and responsible Al governance. The integration of human-in-the-loop de-
sign, through classification with rejection, offers a concrete mechanism for
ensuring that Al systems do not override human expertise in high-stakes
settings. Second, it increases transparency and allows justifying assess-
ment outcomes. By explicitly addressing ordinality in assessment content,
the research enables Al systems to be more aligned with human expecta-
tions. Third, it provides a foundation for pilot studies, which in turn guide
an evidence-based policy on education. The limitations identified in the
use of LLMs for student simulation caution against premature adoption of
these tools in high-stakes testing or large-scale assessment. The findings
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in this work advise a careful, phased integration of Al, rather than rapid
deployment driven by hype.

6.4 Limitations and Future Research

An important limitation of the student performance prediction methodol-
ogy in Chapter [2 is its assumption that no prior interventions have taken
place and that the intervention has a uniform positive effect across all stu-
dents. While the assumption about prior interventions holds for the dataset
used in our study, it will become less realistic as early-warning systems
gain wider adoption in educational practice. Moreover, not all students re-
spond equally to additional support; for example, interventions directed at
demotivated students may not yield the intended outcomes.

When data on prior interventions is available, causal ML techniques
(Imbens & Rubin, 2015) offer a promising alternative. Instead of merely
identifying students most likely to fail, causal approaches enable the iden-
tification of those most likely to benefit from support. This reframes the
objective from risk detection to impact optimization and raises important
ethical questions regarding how support should be allocated. Ultimately,
such approaches compel instructors to balance effectiveness, fairness, and
resource constraints in their intervention strategies. Deploying causal ML
methods in real-life settings also calls for UQ, which is currently under-
explored in literature.

Instructors also have multiple modes of intervention available—ranging
from low-cost methods such as automated emails or instant messaging
to high-effort actions like face-to-face consultations (Wong & Li, 2020).
These vary in both cost and effectiveness. Methods at the intersection of
causal ML and cost-sensitive ML can assist in selecting the optimal inter-
vention for each student, balancing pedagogical effectiveness with practical
resource limitations (Verbeke et al., [2023]).

In Chapter 3] question difficulty is modeled using a small number of
coarse labels. Future work could extend this to more fine-grained difficulty
levels, as in the ARC dataset (Clark et al., 2018)), which distinguishes be-
tween seven grade levels from 3 to 9. In such settings, the ordinal structure
of the labels becomes more prominent, making the balanced DRPS metric
and OrderedLogitNN model proposed in Chapter ] especially relevant.

Furthermore, the OrderedLogitNN model naturally produces probabil-
ity distributions over ordered classes, offering a straightforward way to
quantify aleatoric uncertainty. When combined with methods such as MC
Dropout or Deep Ensembles, it can also capture epistemic uncertainty—
facilitating downstream tasks like classification with rejection and active
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learning.

An interesting avenue of future work is to further investigate the model
behavior of OrderedLogitNN proposed in Chapter ] varying the weight
initializations and learning rate multiplier. Future work could benchmark
it on other modalities, such as image data, e.g., age estimation from facial
images, a common ordinal regression task (Cao et al., 2020; Shi et al.,
2023)). It would also be valuable to assess how UQ from OrderedLogitNN
performs in human-in-the-loop tasks such as classification with rejection
and active learning. This would help assess its utility in scenarios where
uncertainty plays a central role in downstream decision-making.

Furthermore, while this dissertation applies UQ on discriminative
LLMs (either on tabular or text data), recent work has begun to explore UQ
for generative LLMs (Shorinwa et al., 2025)). This is crucial for identifying
hallucinations and unreliable outputs, calibrating users’ trust in generative
models from Chapter[5] In the context of virtual pretesting, uncertain sim-
ulated responses could be filtered or rejected to improve the reliability of
the difficulty estimation.

For QDE in general, a logical next step is its integration into exercise
recommender systems for personalized learning. By matching students’
skill levels with appropriate question difficulties, such systems can adap-
tively guide learners through tailored sequences of exercises. The research
group is actively exploring contextual bandits (Langford & Zhang, |2007)
for this purpose—an extension of the multi-armed bandit model by incorpo-
rating contextual information (e.g., student performance, question features)
into the decision-making process.

Existing QDE research remains overly text-centric, with limited atten-
tion to multimodal assessment formats. In domains such as mathemat-
ics and sciences in general, exam questions frequently rely on diagrams,
graphs, or other visual elements. Current research typically ignores these
components. This limits the validity of ML-based systems, as real students
process both textual and visual information when solving problems. Re-
search into vision-language models for educational contexts would there-
fore bring ML systems closer to authentic student reasoning, enhancing
both their accuracy and their relevance.

The methodologies developed for QDE also generalize to distractor
evaluation in multiple-choice questions (Benedetto et al., [2025). Its im-
portance has been highlighted in two recent Kaggle competitions (‘“Eedi -
Mining Misconceptions in Mathematics” (King et al., [2024) and “MAP -
Charting Student Math Misunderstandings” (King et al., [2025)). Distrac-
tor quality is a key determinant of overall question quality, e.g., if they are
obviously wrong, they are never selected. While distractors are easy to
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generate using LLMs, their quality is difficult to assess. As with QDE, ML
approaches could serve as scalable approximations to human evaluation.

Although this dissertation focuses on challenges within the education
domain, the broader implications extend to AI4SG. The challenges of gen-
eralization, data scarcity, and evaluation misalignment are not unique to
learning analytics. As noted by Karamolegkou et al. (2025)), similar issues
arise in other social domains such as healthcare, environmental protection,
and misinformation. The methodological contributions presented here—
including UQ, ordinal modeling, active learning, and in-context learning for
LLM-based role-playing—have the potential to support the development of
more robust, fair, and responsible ML systems across these domains.
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