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ABSTRACT
Accurately tracing a learner’s knowledge state is a central
challenge in many applications as it directly impacts educa-
tional downstream tasks such as recommendation, dropout
prediction, and next-question correctness prediction. Prior re-
search in learner modeling and knowledge tracing has shown
that incorporating domain structure leads to more accu-
rate estimates of learner knowledge, while parallel work has
demonstrated that explicitly modeling epistemic uncertainty
improves performance on these tasks. However, these two
research directions have largely been explored independently.
In particular, existing approaches rarely propagate uncer-
tainty beyond the level at which learner evidence is directly
observed, and domain-informed propagation strategies typi-
cally ignore uncertainty altogether. In this paper, we propose
KT-DUSL, an uncertainty-aware learner model that jointly
represents knowledge mastery, epistemic uncertainty, and
domain structure within a unified framework. Building on
subjective logic, we introduce a novel propagation policy
that diffuses both mastery and uncertainty across the do-
main structure. This policy enables the model to better
handle sparse interaction data. We evaluate KT-DUSL on
large-scale datasets and show that propagating uncertainty
through the domain structure yields improvements in next-
question correctness prediction over uncertainty-agnostic and
non-propagation-based baselines.

Keywords
knowledge tracing, learner modeling, uncertainty, mastery
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1. INTRODUCTION
A learner model aims at tracing learners’ knowledge and can
be understood as an explicit, machine-interpretable repre-
sentation of an individual learner within an online learning
environment [6]. The content of a learner model consists of a

structured combination of learner data and inferred character-
istics. Learner data includes relatively static attributes—such
as demographic and educational background—as well as dy-
namic data derived from interactions with learning systems.
Among the various learner characteristics that can be in-
ferred from such data, the learner’s knowledge state is the
most commonly modelled, typically referred to as a knowl-
edge model [30]. Learner models can be used as an internal
component of an Intelligent Tutoring System (ITS) to trace
the learners’ knowledge, and to support downstream tasks
such as recommendation, adaptive learning, and personalised
feedback [32], or as a resource that can be exposed to the
learner, for example through open learner models [9].

Learner models have recently come to include information
about the domain as well, referred to as a domain model [30].
Concretely, the learning domain model includes learning
items (exercises), knowledge components (KCs), and the
relations between them [30]. While most early learner mod-
els assumed KCs to be independent, more recent work has
increasingly explored structured representations of KCs and
their relations, e.g. hierarchical or prerequisite relations [26].
This evolution reflects the intrinsic nature of educational
domains, in which KCs are rarely isolated but are instead
meaningfully connected. Incorporating domain structure nat-
urally raises the question of propagating knowledge estimates
within this structure. Since KCs are connected, evidence ob-
served on one KC may carry implications for related KCs [36].
Existing approaches differ in how they address this propaga-
tion problem, ranging from expert-defined propagation rules
to probabilistic propagation policies and, more recently, to
neural network–based latent propagation [36, 20, 23]. Over-
all, taking domain structure into account has significantly
improved the quality of knowledge models and, consequently,
learner models [11].

In educational settings, learner interaction data are often
sparse and unevenly distributed across KCs, leading to in-
creased uncertainty—specifically, epistemic uncertainty—in
knowledge estimates [13]. Throughout this paper, the term
uncertainty is used to refer to epistemic uncertainty, i.e.,
uncertainty arising from limited evidence about a learner’s
mastery of a KC. It reflects how strongly a mastery estimate is
supported by observations, and is reducible as more learner–
KC interactions are collected. Prior work suggests that
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quantifying uncertainty improves next-question correctness
prediction by mitigating overconfident predictions, particu-
larly when evidence is sparse [13, 25, 3]. In learner models,
this uncertainty is rarely considered. Yet, some approaches
quantify uncertainty when predicting the correctness of the
next learner interaction [14, 25]. However, these approaches
typically provide uncertainty estimates on unstructured sets
of KCs.

In parallel, research on open learner models emphasises the
importance of transparency and explainability in learner
modeling by making aspects of the learner model explicit
and consultable by the learner [9, 8]. Providing uncertainty
estimates alongside mastery estimates further supports the
idea of opening the learner model to the learner, as it enables
her to better interpret, reflect on, and trust the information
presented in the learner model.

In this context, our work aims to build a unified learner model
that incorporates not only the domain structure, but also the
learner’s knowledge and associated uncertainty throughout
this structure. We hypothesize that estimating uncertainty
throughout the domain structure can improve the quality of
the learner model. We raise the following research question:
RQ: Does incorporating the domain structure impact the
learner model?
To answer this question, we raise two sub-research questions:
S-RQ1: How to propagate uncertainty alongside knowledge
mastery within the domain structure?
S-RQ2: Under which settings does the domain structure
provide the greatest benefits?

The rest of the paper is organized as follows. Section 2
reviews related work, with a particular focus on learner
and domain modeling, the use of knowledge graphs in ed-
ucation, and mastery propagation within graph-structured
representations. Section 3 presents KT-DUSL, a learner
model that uses subjective logic to model knowledge mas-
tery and uncertainty in a hierarchical domain structure.
Section 4 describes the experimental setup, and Section
5 discusses the results. The code is publicly available at
https://github.com/anonymousreseach/KT-DUSL.git.

2. RELATED WORK
This section reviews prior work related to our contribution.
We first discuss learner and domain modeling approaches in
ITSs. We then review the use of knowledge graphs in educa-
tion. Finally, we examine existing approaches to knowledge
mastery propagation and the quantification of uncertainty
in learner models.

2.1 Learner and Domain Modeling
Learner modeling represents learners’ abilities and behavior
through interaction data [30, 19]. It supports personalization
and instructional decision-making in ITSs [19].

Learner models may also capture affect, motivation, metacog-
nition, or preferences [18, 32]. However, the dominant line
of work focuses on modeling learners’ mastery of knowledge
concepts [16, 30]. This problem is commonly framed as
knowledge tracing, which tracks latent knowledge over time
to predict future performance [16, 31, 30].

Learner modeling is related to, but distinct from, domain
modeling [18, 30]. Learner models encode the learner’s cur-
rent and evolving knowledge with respect to a domain, while
domain models specify the content structure (items, knowl-
edge components and relations) [27]. Domain models are
often treated as relatively stable, but they can be refined
from data when the initial structure is imperfect [10, 29].
In contrast, learner models are inherently dynamic, as each
interaction updates knowledge mastery estimates and can
incorporate learning and forgetting processes [16, 30].

Prior work varies in how domain and learner models are
represented and coupled [18, 30]. Many systems keep the
domain structure fixed (e.g., a predefined KCs mapping) and
infer learner mastery on top of it [16, 15]. Other approaches
learn or exploit dependencies between KCs to propagate
learner-specific evidence or mastery estimates across related
KCs [10, 26].

Beyond predictive accuracy, learner models also play an im-
portant role in explainability. In this context, research on
open learner models emphasizes the importance of representa-
tions that make learner knowledge states explainable to both
learners and instructors [9, 8]. Building on this principle, we
adopt a learner model that explicitly represents both knowl-
edge mastery and epistemic uncertainty within the domain
structure. Such structured representations can, in principle,
be exposed to learners to support reflection, self-regulated
learning, and trust [9, 21]. In practice, KT-DUSL supports
this by maintaining explicit, interpretable KC-level estimates
of both mastery and uncertainty within the learner’s PKG,
which can be visualized (e.g., as a concept-level dashboard)
or queried to provide feedback on uncertain areas. This
allows learners and instructors to inspect not only what is
known, but also where knowledge estimates remain uncertain,
thereby supporting informed decision-making and targeted
learning.

2.2 Knowledge Graphs
Knowledge graphs (KGs) are a widely used formalism for
representing structured knowledge, where concepts are mod-
eled as nodes and semantic relations between them as edges
[1]. In educational systems, KGs have been extensively used
to represent domain knowledge—often referred to as domain
knowledge graphs, i.e., graph-based representations of do-
main models—in the form of concept maps, prerequisite
graphs, or hierarchical concept structures [1]. Such a repre-
sentation makes explicit the relationships between knowledge
components and can be used to support curriculum design,
content sequencing, and learner assessment [18].

In most educational applications, domain knowledge graphs
are shared across learners and capture expert-defined domain
structure [17]. Learner modeling is then performed on top
of this structure by associating learner-specific information
-such as knowledge mastery estimates- with individual knowl-
edge components. While effective, this separation typically
treats the domain structure as static and limits the extent to
which learner knowledge can be jointly reasoned about and
updated across the graph, as learner evidence is incorporated
locally rather than being propagated through the domain
structure [34].
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More recently, knowledge graphs have been extended toward
learner-centered representations, giving rise to the notions of
personalized and personal knowledge graphs. Personalized
knowledge graphs typically adapt an existing general-purpose
or domain-level KG by filtering, weighting, or annotating
entities and relations according to a user’s preferences or
profile [5]. In contrast, personal knowledge graphs (PKGs)
exist alongside other KGs and contain a disjoint set of entities
that are of direct relevance to a single individual, while
optionally linking to external knowledge graphs [33].

Different definitions of PKGs emphasize complementary as-
pects of the concept. From an ownership and access-control
perspective, a PKG is a knowledge graph fully controlled
by an individual, with the primary goal of supporting per-
sonalized services [33]. From a semantic perspective, PKGs
represent structured knowledge about entities and relations of
personal relevance, organized around a central user node [5].

In educational contexts, PKGs provide a natural foundation
for learner-centered modeling, as they allow domain knowl-
edge to be explicitly organized around the learner. Ain et
al. [2] propose a PKG-based learner modeling approach in
which learners construct their own PKGs by marking con-
cepts they did not understand while interacting with learning
items. More recently, Alatrash et al. [4] leverage PKGs in
combination with graph neural networks to model learner
knowledge mastery in a transparent manner, demonstrat-
ing the potential of graph-based representations for learner
modeling.

Despite these advances, most PKG-based educational ap-
proaches attach learner state to graph nodes in a static or
ad-hoc manner, typically as scalar mastery values or latent
embeddings, offering limited support for principled propaga-
tion of learner knowledge and uncertainty across the graph.

2.3 Mastery Propagation through the Domain
Structure

A substantial body of work goes beyond estimating mas-
tery independently per KC and instead propagates learner
evidence through a domain structure.

Early educational systems commonly relied on learner models
coupled to concept networks, in which prerequisite or seman-
tic links define hand-crafted propagation rules: evidence of
mastery or failure on one KC is deterministically or heuristi-
cally propagated to related KCs. Such approaches rely on
expert-defined rules and propagation strengths, resulting in
transparent but largely fixed propagation behavior [7].

A second line of work embeds the domain structure directly
into probabilistic graphical models, where KC mastery vari-
ables are treated as latent states and evidence is propagated
through structured dependencies. Under tree-structured hi-
erarchies, Gao et al. [20] propose KT2, which models concept
mastery using a Hidden Markov Tree to propagate evidence
along parent-child relations. Beyond trees, Bayesian networks
and dynamic Bayesian networks represent more general KC
topologies, allowing updates on one KC to influence related
prerequisites or successors [22]. Related formulations further
introduce learner-specific factors or jointly infer prerequisite
structure from interaction data [28, 12].

More broadly, probabilistic approaches to learner modeling
have long leveraged Bayesian networks to represent depen-
dencies between KCs and to reason under uncertainty [15].
Millán et al. [24] provide a general framework for engineering
Bayesian student models, illustrating how conditional depen-
dencies between concepts enable evidence propagation and
learner knowledge mastery updates.

Finally, some deep knowledge tracing models incorporate
domain structure using graph neural networks and perform
inference through message passing on KC graphs or question-
KC bipartite graphs [26, 34]. GIKT further leverages graph
convolution to exploit higher-order question-KC relations
and mitigate data sparsity [35]. While effective in terms of
predictive performance, these approaches operate on latent
embeddings and generally lack explicit, interpretable KC-
level mastery estimates.

Uncertainty Modeling and Propagation. Although many
learner models rely on probabilistic formulations, uncertainty
is typically treated implicitly rather than explicitly repre-
sented in the learner model. As a result, mastery estimates
are often reduced to point values, conflating low mastery
due to consistent failure with low mastery arising from lim-
ited evidence. Moreover, most propagation policies focus on
transferring mastery alone, without modeling how epistemic
uncertainty should evolve across structured representations.
These limitations are particularly problematic in sparse set-
tings, motivating learner models that jointly represent and
propagate both knowledge mastery and uncertainty.

3. INTEGRATING THE DOMAIN STRUC-
TURE IN A LEARNER MODEL

In this work, we introduce KT-DUSL, a new learner model
that explicitly leverages the domain structure, and relies on
a dedicated propagation policy to quantify both knowledge
mastery and uncertainty throughout this structure. Before
presenting the KT-DUSL model, we first recall propagation
policies commonly used in the literature.

3.1 Propagation in a Domain Structure
Learner models that manage a domain structure rely on
propagation policies. Most works in the literature aim at
propagating knowledge mastery throughout the knowledge
components (KCs) of the domain. Two general principles
govern such a propagation: (i) information should be attenu-
ated as it moves away from its source, and (ii) information
originating from multiple sources should be combined coher-
ently. These principles are commonly implemented through
a discount operator and a consensus operator. We intro-
duce these operators in a general setting. They will then be
instantiated in KT-DUSL.

Discount Operator. The discount operator models the atten-
uation of information during propagation across the domain
structure. A discount factor ri,j ∈ [0, 1] controls the strength
of propagation from a KC ci to another KC cj .

Consensus Operator. When a KC receives information from
multiple related KCs, these sources of information must be
aggregated in a principled manner. The consensus operator
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defines how multiple propagated pieces of information are
combined.

3.2 The KT-DUSL Learner Model
KT-DUSL is a learner model that is designed to manage si-
multaneously the domain structure and the learner’s mastery
and associated uncertainty throughout this structure. KT-
DUSL relies on two core elements: (i) a Personal Knowledge
Graph (PKG), instantiated for each learner, (ii) subjective
logic to estimate knowledge mastery and associated uncer-
tainty. The originality of KT-DUSL lies in the propagation
policy used to propagate these quantities throughout the
domain structure. KT-DUSL also supports explainability
by maintaining explicit KC-level knowledge mastery and
uncertainty estimates within the PKG, whose updates can
be made visible to the learner.

From now on, the general term exercise will be used to refer
to a learning item.

3.2.1 Personal Knowledge Graph Structure
KT-DUSL relies on a dedicated Personal Knowledge Graph
(PKG), constructed for each learner, that jointly represents
(i) the domain structure, made up of both a hierarchy of
knowledge components (KCs) where higher-level KCs corre-
spond to broader concepts and leaf-level KCs capture more
fine-grained concepts, and the set of exercises linked to leaf-
level KCs, (ii) learner–exercise interactions, and (iii) learner-
specific estimates of knowledge mastery and uncertainty on
the KCs of the domain structure.

Let PKGl = (V,E) denote the personal knowledge graph of
learner l. The set of nodes is defined as V = C ∪X ∪ {l},
where C is the set of knowledge components, X is the set
of exercises, and l denotes the node that represents the
learner. E represents the set of edges. Each (cp, cc) ∈
E encodes hierarchical membership relations between KCs.
Each exercise x ∈ X is associated with a set of KCs C(x) ⊆ C.
The learner node is connected to each exercise node through
the observed interaction outcome, and to each KC through
the learner’s current knowledge mastery and uncertainty
estimates for that KC.

3.2.2 Subjective Logic to Estimate Mastery and Un-
certainty of KCs

In the recent literature, the KT-USL learner model [3], has
proposed to use subjective logic to trace learners’ knowledge
mastery and uncertainty on KCs.

At time t, the knowledge state of learner l on ci ∈ C, is
represented by ωt(l, ci), a subjective logic (SL) opinion:

ωt(l, ci) =
(
bt(l, ci), dt(l, ci), ut(l, ci), a

)
, (1)

where bt(l, ci), dt(l, ci), and ut(l, ci) denote belief in mas-
tery, disbelief, and epistemic uncertainty, respectively, with
bt(l, ci) + dt(l, ci) + ut(l, ci) = 1 and a is a base-rate prior.

Opinions are grounded in accumulated interaction evidence
(rt(l, ci), st(l, ci)), corresponding to the number of correct
and incorrect responses observed for learner l on ci. Fol-
lowing subjective logic, belief, disbelief, and uncertainty are

computed as:

b =
r

r + s + W
, d =

s

r + s + W
, u =

W

r + s + W
,

where W > 0 is a prior weight that controls the contribution
of epistemic uncertainty under sparse evidence. The knowl-
edge mastery estimate mt(l, ci) is defined as the expected
value of the opinion and ranges between 0 and 1.

mt(l, ci) = bt(l, ci) + a · ut(l, ci), (2)

This formulation explicitly distinguishes between low mas-
tery supported by substantial evidence and low mastery
arising from insufficient information, while remaining local
to individual (learner, concept) pairs.

It is important to note that this formulation captures epis-
temic uncertainty arising from limited learner–KC evidence.
Other sources of uncertainty may also affect learner modeling,
including noisy or incomplete exercise–KC mappings, rarely
accessed concepts, or inaccuracies in the domain structure.
These sources are not explicitly modeled in KT-DUSL, which
assumes a fixed and reliable domain structure. Therefore,
the uncertainty quantified in this work should be interpreted
as evidence-based epistemic uncertainty rather than a com-
prehensive account of all uncertainty sources.

3.2.3 Mastery and Uncertainty Propagation in KT-
DUSL

KT-DUSL extends the KT-USL model, by explicitly leverag-
ing the domain structure. KT-DUSL relies on a propagation
policy for both mastery and uncertainty across KCs of the
structure. More precisely, KT-DUSL propagates information
between hierarchically related KCs. This propagation al-
lows the learner model to compensate for sparse or unevenly
distributed evidence.

Figure 1: Overview of an example PKG and the KT-DUSL
updating process.

KT-DUSL relies on PKGl, the Personal Knowledge Graph
of a learner l, where the nodes of PKGl represent the KCs
of the domain, the exercises and the learner l. Figure 1
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represents an example of PKGl, where blue nodes represent
the KCs of the domain, orange nodes represent the exercises
and the pink node represents the learner. The edges of the
PKG encode three types of relations: hierarchical relations
between KCs, relations between exercises and leaf-level KCs
and relations between the learner and the exercises.

KT-DUSL operates in an online setting. First, at time t,
a learner-exercise interaction generates new evidence that
updates learner-exercise links (lower part of Figure 1).
Second, KT-DUSL relies on the KT-USL model [3] to update
the subjective logic opinion of leaf-level KCs ci, denoted
ωt(l, ci), from the previous opinion ωt−1(l, ci). Recall that
from this opinion, the learner’s mastery and uncertainty on
these leaf-level KCs can be inferred (see Equation 2). When
a KC is associated with multiple exercises (in the case of
batch processing of interactions), evidence is extracted from
all associated exercises. The opinion on this KC is then
calculated using this evidence.
Third, a specific propagation policy is performed across the
hierarchy (relations between blue nodes in Figure 1). The
main contribution of KT-DUSL lies in this propagation policy.
It relies on the discount and consensus operators presented
in Section 3.1. KT-DUSL instantiates these operators using
subjective logic.

In KT-DUSL we propose to distinguish between two prop-
agation directions: upward propagation, i.e., from a KC to
hierarchically higher KCs, and downward propagation, i.e.,
from a KC to hierarchically lower KCs. Upward propagation
is performed first, then downward propagation is performed.
These two directions are governed by distinct discount rates,
r↑ and r↓. In KT-DUSL an opinion on ci can be propagated
only from ci to a directly related KC cj . This opinion is first
discounted as follows:

ωt(l, ci → cj) = ωt−1(l, ci)⊗ ri,j . (3)

where ri,j denotes the discount rate associated with the
hierarchical relation from ci to cj (ri,j takes one of the two
values among r↑ and r↓), and controls how much belief and
disbelief are transferred, with the remaining mass assigned
to epistemic uncertainty.

Considering recipient KCs, a KC ci may receive multiple
discounted opinions. In KT-DUSL, these opinions come from
its related KCs in the hierarchy. Let Ωt(l, ci) denote the set
of all opinions propagated to ci at time t. Second, the opinion
is updated using the subjective logic consensus operator:

ωprop
t (l, ci) =

⊕

s∈Ωt(l,ci)

s. (4)

The choice of this consensus operator comes from its ability
to weight the contribution of different opinions according
to their uncertainty. It ensures that opinions supported by
stronger evidence exert greater influence on ci.

To summarize, after each learner-exercise interaction, KT-
DUSL performs: (i) a local update of the opinions of the leaf-
level KCs associated with the exercise of the newly observed
evidence using KT-USL; and (ii) a propagation step that
diffuses mastery and uncertainty throughout the domain
hierarchy (up and down). Propagation relies on both discount
and consensus operators. As a result, the learner’s PKG

evolves over time to reflect both accumulated evidence and
structural relations between concepts.

Algorithm: KT-DUSL update
Input: Learner-exercise interaction (l, x), PKGl

Output: Updated opinions {ω(l, c)} in the learner’s
PKG

Identify the set C(x) of leaf-level KCs of exercise x
Extract evidence from the interaction (l, x)

// leaf-level KC mastery and uncertainty evaluation
for each c ∈ C(x) do

Update the observed opinion ωobs
c using KT-USL

end for

// discount, upward propagation
for each c ∈ C(x) do

Propagate ωobs
ci upward to higher-level KCs using

r↑

Update ωt(l, c) with opinion from t−1 via consensus
end for

// discount, downward propagation
for each KC updated by upward propagation do

Propagate opinion downward to lower-level KCs
using r↓

Update ωt(l, c) via consensus
end for

4. EXPERIMENTAL SETUP
4.1 Datasets
To evaluate KT-DUSL, we perform experiments on two
datasets from the literature. Both datasets are related to
mathematics.

Junyi. The Junyi dataset is derived from an online edu-
cational platform that provides large-scale logs of student
interactions with mathematical questions.1

EEDI (Task 1-2). EEDI is an online mathematics learning
platform that provides interaction logs together with rich
metadata describing questions, learners, and answers.2

Table 1 summarizes the main characteristics of the two
datasets. A key structural difference between them has
motivated their choice: in Junyi, each exercise is associated
with a single KC, whereas in EEDI each exercise is associ-
ated to multiple KCs, with an average of 4.17 concepts per
question. As a result, EEDI is denser than Junyi with on
average about twice as many interactions per concept. We in-
vestigate if these differences affect the impact on the mastery
and uncertainty, as well as the performance on downstream
tasks.

4.2 Metrics
We quantify the impact of the dedicated domain-informed
propagation on the learner model. Concretely, we measure

1https://www.kaggle.com/datasets/junyiacademy/
learning-activity-public-dataset-by-junyi-academy
2https://www.kaggle.com/datasets/alejopaullier/
eedi-external-dataset
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Table 1: Characteristics of the Junyi and EEDI datasets.

Statistic Junyi EEDI

Interaction data
# Learners (unique) 72,758 118,971
# Exercises 1,330 27,613
# Learner–exercise interact. 16,217,311 15,867,850

KCs
# Number of KCs 224 388
Average # KCs per exercise 1.00 4.17
Average # interact. per KC 94.8k 200k

Hierarchy structure
Max depth 3 3
# levels 4 4
# KCs at depth 1/2/3 10/42/171 9/69/308

the absolute change in knowledge mastery and uncertainty,
induced by propagation on leaf-level KCs, defined as |∆| =
|xwith domain − xwithout domain|. Absolute deltas are reported
for mastery (KT-A → KT-DA and KT-USL → KT-DUSL)
and for uncertainty (KT-USL → KT-DUSL).

In line with the literature, we also evaluate KT-DUSL on the
traditional next-question correctness prediction task, using
the following standard metrics:

• AUC (Area Under the ROC Curve), which measures
the quality of probabilistic ranking independent of a
fixed decision threshold.

• Accuracy@0.5, computed by thresholding predicted cor-
rectness probabilities at 0.5.

• LogLoss, which assesses the calibration and sharpness
of predicted probabilities. The lower, the better.

4.3 Baseline Models
To address the RQ raised in the introduction, we empirically
evaluate KT-DUSL, and compare it against a set of baseline
models. This evaluation will contribute to quantifying the
effects of both uncertainty modeling and propagation policy.

KT-A is a deterministic baseline model that estimates learner
mastery for leaf-level KCs by averaging observed correctness
outcomes. It does not quantify uncertainty and does not
exploit domain structure.

KT-DA extends KT-A by propagating average mastery esti-
mates across the KC hierarchy using mean-based instantia-
tions of the discount and consensus operators.

KT-USL (see Section 3.2.2) models learner mastery for leaf-
level KCs only, and quantifies uncertainty using subjective
logic. KT-USL treats each KC independently, so does not
propagate information across the domain structure.

4.3.1 Parameter Initialization and Control
KT-DUSL introduces parameters governing both propagation
and subjective logic. The coefficients r↑ and r↓ control
the strength of upward and downward propagation in the

domain hierarchy, while the subjective logic formulation
relies on the base rate a and the non-informative prior weight
W . Although several parameter settings were explored on a
validation set, we report results for fixed values due to space
constraints: r↑ = r↓ = 0.8, a = 0.5, and W = 2.0, which
corresponds to the best-performing configuration.

5. EVALUATION OF THE IMPACT OF THE
DOMAIN STRUCTURE

In this section we evaluate the impact of the domain struc-
ture on the learner model, and on the performance of a
downstream task, including in high uncertainty settings.

5.1 Impact on the Learner Model
We start by analyzing the impact of domain-informed propa-
gation on both knowledge mastery and uncertainty. Table 2
reports the median and quartiles of the absolute changes in-
duced across different datasets. Recall that Junyi and EEDI
mainly differ in the average number of KCs per exercise. To
make the datasets more comparable, we construct a third
dataset, which is a mono-concept version of the EEDI dataset,
by retaining a single leaf concept per exercise. This concept
is selected deterministically by first choosing the deepest as-
sociated KC in the hierarchy (i.e., the most specific concept),
and mapping it to a leaf node when necessary.

Table 2: Median and quartiles of the absolute changes induced
by domain-informed propagation.

Absolute Delta Q1 Median Q3

Junyi dataset

|∆| Mastery (mt(l, c))
(KT-A → KT-DA) 0.053 0.107 0.164
|∆| Mastery
(KT-USL → KT-DUSL) 0.001 0.004 0.015
|∆| Uncertainty
(KT-USL → KT-DUSL) 0.002 0.008 0.034

EEDI mono-concept dataset

|∆| Mastery
(KT-A → KT-DA) 0.032 0.107 0.204
|∆| Mastery
(KT-USL → KT-DUSL) 0.007 0.032 0.064
|∆| Uncertainty
(KT-USL → KT-DUSL) 0.036 0.095 0.192

EEDI multi-concept dataset

|∆| Mastery
(KT-A → KT-DA) 0.022 0.050 0.084
|∆| Mastery
(KT-USL → KT-DUSL) 0.009 0.023 0.052
|∆| Uncertainty
(KT-USL → KT-DUSL) 0.055 0.124 0.241

Let us first consider the impact of integrating the domain
structure, on the knowledge mastery. Recall that knowledge
mastery ranges between 0 and 1, hence also the impact.
Integrating the domain structure in a model that does not
manage uncertainty (KT-DA vs. KT-A), has a significant
impact on the knowledge mastery in a mono-concept setting,
with a median of impact equal to 0.107. On EEDI, Q3 is
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equal to 0.204, which means that the impact is larger than
20 points of percentage for 25% of the concepts. Yet, this
impact is twice lower in a multi-concept setting. Managing
domain structure on uncertainty-aware learner models (KT-
DUSL vs. KT-USL) impacts the knowledge mastery to a
lower extent (median around 0.03 on all datasets).

Focusing on the change in uncertainty on the KCs, the impact
is larger on EEDI (both settings) than on Junyi. The highest
impact is obtained on the multi-concept setting (median
equal to 0.124 and Q3 is equal to 0.241). Recall that this
large impact on uncertainty occurs in a context of small
impact on knowledge mastery.

We can conclude that on a mono-concept setting, KT-DA
impacts significantly more the knowledge mastery than KT-
DUSL. Besides, KT-DUSL impacts more uncertainty in multi-
concept settings.

Based on these conclusions we wonder if these significant
changes in knowledge mastery and uncertainty translate into
improved performance on a downstream task.

5.2 Impact on the Next-Question Correctness
Prediction Task

In this section, we aim at evaluating the impact of the domain
structure on a downstream task. In particular, we choose to
evaluate on the next-question correctness prediction task.

5.2.1 Overall Impact
To evaluate the overall impact of the domain structure on the
next-question correctness prediction task, we use the three
metrics introduced in section 4.2, namely AUC, ACC@0.5
and LogLoss.

We first consider Junyi dataset. Evaluation metrics values
are displayed in Table 3.

Table 3: AUC, ACC@0.5 and LogLoss on Junyi dataset.

Model AUC ACC@0.5 LogLoss

KT-A 0.702 0.728 1.178
KT-USL 0.705 0.728 0.556
KT-DA 0.702 0.728 0.575
KT-DUSL 0.710 0.729 0.551

The impact of the exploitation of the domain structure can
be evaluated by comparing two pairs of models. First, we
compare models that manage KC knowledge mastery only,
concretely KT-A and KT-DA. The domain structure has no
effect on AUC or accuracy but improves LogLoss significantly.
The effect on AUC is thus not related to the significant im-
pact on knowledge mastery (see Section 5.1). Second, we
compare models that quantify and manage uncertainty, con-
cretely KT-USL and KT-DUSL. KT-DUSL achieves slightly
higher performance, particularly in AUC (0.705 to 0.710)
and LogLoss (0.556 to 0.551). Here again, the impact on
knowledge mastery was null. Overall, we can say that ex-
ploiting the domain structure and propagating mastery and
uncertainty through this structure remains beneficial when
used with an uncertainty-aware model, although the impact
on the learner model is limited.

Let us now examine whether these conclusions hold on the
EEDI dataset, in which each exercise is associated with
multiple KCs. Performance is displayed in Table 4.

Table 4: AUC, ACC@0.5 and LogLoss on EEDI dataset.

Model AUC ACC@0.50 LogLoss

KT-A 0.723 0.693 0.620
KT-USL 0.730 0.696 0.578
KT-DA 0.722 0.692 0.587
KT-DUSL 0.729 0.695 0.576

On this dataset, the domain structure does not consistently
improve these metrics. Indeed, KT-DUSL does not improve
AUC and accuracy, and only slightly improves LogLoss. We
hypothesize that this is due to the multi-concept setting, in
which much of the relational information between concepts is
implicitly captured through the exercise-KC associations. As
a consequence, the explicit relation provided by the domain
structure is already present in the data. This is in line with
the limited impact on knowledge mastery from the previous
section.

To test this hypothesis, we perform similar evaluation on the
mono-concept version of the EEDI dataset, The associated
performance is reported in Table 5.

Table 5: AUC, ACC@0.5 and LogLoss on mono-concept EEDI
dataset.

Model AUC ACC@0.50 LogLoss

KT-A 0.667 0.676 3.043
KT-USL 0.680 0.676 0.616
KT-DA 0.686 0.680 0.620
KT-DUSL 0.702 0.683 0.601

We can see that, as on Junyi, considering the domain struc-
ture improves performance. KT-DUSL consistently out-
performs all baseline models across AUC, ACC@0.50, and
LogLoss, with particularly large gains over KT-USL (AUC
0.680 to 0.702; LogLoss 0.616 to 0.601). This tends to show
that, in the context of mono-concept datasets, that can be
associated to sparse data, the domain structure contributes
to the quality of the learner model. More precisely, the qual-
ity of downstream next-question correctness prediction task
is increased. This thus supports our hypothesis.

These experiments highlight two important conclusions: 1)
quantifying uncertainty is broadly beneficial across datasets,
2) considering the domain structure has a context-dependent
impact. If the relations between KCs are already implicitly
encoded in the dataset (such as multiple KCs per exercise),
domain-informed propagation does not provide additional in-
formation, so does not improve the performance. In contrast,
in the context of sparse data (single concept per exercise), the
domain structure contributes to improve the performance.

These findings lead us to investigate deeper the relation be-
tween the amount of data available, the uncertainty and
performance. Concretely, we wonder if 1) the domain struc-
ture is more beneficial in the context of limited information
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about the learner, 2) the domain structure is more beneficial
in high uncertainty settings.

5.2.2 Limited Evidence Settings
In this section, we analyze the benefits of incorporating the
domain structure under different levels of available evidence
per learner-concept pair by comparing KT-USL and KT-
DUSL. The amount of evidence is quantified by k, the number
of past interactions a learner had with a given KC. Concretely,
k denotes the interaction index for a learner-KC pair: k = 1
corresponds to the learner’s first encounter with the KC,
k = 2 to the second interaction, and so on.

Table 6: Performance by evidence count k on Junyi (P1, exact
mode, global).

k Method n AUC ACC@0.50 LogLoss

1 Leaf-SL 484,455 0.500 0.676 0.693
Prop-SL 484,455 0.557 0.676 0.656

3 Leaf-SL 449,388 0.655 0.743 0.588
Prop-SL 449,388 0.674 0.741 0.569

5 Leaf-SL 425,942 0.689 0.759 0.543
Prop-SL 425,942 0.700 0.760 0.532

10 Leaf-SL 340,884 0.707 0.740 0.538
Prop-SL 340,884 0.711 0.742 0.535

20 Leaf-SL 241,172 0.716 0.737 0.539
Prop-SL 241,172 0.718 0.738 0.537

Table 6 reports AUC, ACC@0.5 and LogLoss for different
values of k. Higher values of k correspond to smaller dataset
sizes. We can see that KT-DUSL consistently outperforms
KT-USL on the three metrics, whatever is the value of k.
The largest gains are observed with low values of k, i.e. with
little evidence.

For k = 1, incorporating domain structure yields a substan-
tial improvement in AUC (11% improvement, from 0.500 to
0.557) and a notable reduction in LogLoss (5.3% improve-
ment, from 0.693 to 0.656). This indicates that when little
information about the learner is available, better discrimi-
nation and probability calibration are reached. As evidence
accumulates (k = 3 and k = 5), the performance gap narrows
but remains consistent, suggesting that the domain structure
continues to provide complementary information beyond lo-
cal evidence. For larger values of k (k ≥ 10), difference in
performance between the two models is almost null, reflecting
the fact that the structure becomes marginal as evidence
increases.

Overall, these results indicate that domain-informed propaga-
tion is most beneficial in the context of low evidence, where it
contributes to effectively compensate for sparse learner–KC
interactions. Its impact attenuates as evidence increases.

Let us now study to what extent these conclusions hold
on EEDI dataset (mono-concept and multi-concept). Ta-
ble 7 shows performance on the mono-concept EEDI dataset.
As on Junyi, domain-informed propagation is consistently
beneficial across all evidence levels. For small values of k,
KT-DUSL yields large gains over KT-USL, particularly in
AUC (19% improvement, from 0.500 to 0.594 for k = 1)
and LogLoss (4% improvement, from 0.693 to 0.666). As

on Junyi, as k increases, improvements decrease for all met-
rics. This confirms the importance of domain structure when
evidence is low and becomes useless when evidence increases.

Table 7: AUC, ACC@0.5 and LogLoss according to the amount
of evidence per (learner, concept) pair on EEDI (mono-
concept) dataset.

k Method n AUC ACC@0.50 LogLoss

1 KT-USL 461,224 0.500 0.619 0.693
KT-DUSL 461,224 0.594 0.630 0.666

3 KT-USL 216,016 0.670 0.671 0.624
KT-DUSL 216,016 0.704 0.681 0.609

5 KT-USL 131,670 0.711 0.691 0.593
KT-DUSL 131,670 0.730 0.698 0.582

10 KT-USL 48,739 0.751 0.716 0.559
KT-DUSL 48,739 0.759 0.719 0.553

20 KT-USL 8,037 0.757 0.725 0.538
KT-DUSL 8,037 0.761 0.727 0.535

On the multi-concept EEDI dataset, we observe a markedly
different behavior. The benefits of domain-informed propa-
gation are almost null, whatever is the amount of evidence.
We choose to not show values here. This confirms again the
hypothesis drawn in section 5.2.1, the multi-concept setting
implicitly encodes the domain structure, making the explicit
domain structure useless. This is true even when evidence is
low.

5.2.3 High Uncertainty Settings
We now intend to evaluate the benefits of incorporating the
domain structure considering different uncertainty values.
To this aim, we evaluate the impact of uncertainty on pre-
dictive performance, and in particular on AUC. Figures 2
and 3 show the AUC computed over sliding windows of
200,000 interactions, where each point corresponds to the
average uncertainty of leaf KCs within a window, for the
Junyi and mono-concept EEDI datasets. In both datasets,
performance is consistently lower with high uncertainty val-
ues (30% decrease when uncertainty equals 1.0 compared
to the case where uncertainty equals 0.0). This reflects the
intrinsic difficulty of the prediction task in high uncertainty
settings. However, in both datasets, KT-DUSL outperforms
KT-USL when uncertainty is larger than 0.3. The higher
the uncertainty, the larger the increase. When uncertainty is
maximal (1.0), this increase reaches 12% and 18% on Junyi
and EEDI respectively. This confirms the relevance of man-
aging domain structure in uncertainty-aware models in the
context of high uncertainty.

The previous two sections have highlighted the fact that the
domain structure contributes to improve the performance on
the next-question correctness prediction downstream task.
This effect is particularly pronounced in low-evidence and
high-uncertainty settings, where the domain structure con-
tributes the most. The strong relation between evidence and
uncertainty values is clearly stated thanks to these experi-
ments.

These results allow us to answer the research questions in-
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Figure 2: Sliding-window AUC of KT-USL and KT-DUSL as
a function of uncertainty on the Junyi dataset.

Figure 3: Sliding-window AUC of KT-USL and KT-DUSL as a
function of uncertainty on the EEDI (mono-concept) dataset.

troduced in Section 1. Incorporating the domain structure
actually impacts both the learner model and downstream
prediction performance, thereby addressing S-RQ1. In par-
ticular, domain-informed propagation is most beneficial in
settings characterized by high uncertainty or limited evi-
dence, while its contribution becomes marginal when suffi-
cient learner-KC information is available, thus addressing
S-RQ2.

6. CONCLUSION
In this work, we studied the relevance of managing domain
structure in learner models and associated downstream tasks.
To this aim, we introduced KT-DUSL, a domain-informed
learner model that jointly represents and propagates knowl-
edge mastery and associated uncertainty in a learner model.
Building on subjective logic, KT-DUSL performs local evi-
dence updates and then propagates the resulting opinions
through the domain structure, using discounting and con-
sensus operators, thereby preserving uncertainty throughout

the process.

Experiments on two mathematics-related datasets: Junyi and
EEDI show that explicit uncertainty modeling consistently
improves next-question correctness prediction, especially in
AUC and LogLoss. We further find that, in the context
of mono-concept exercises, domain-informed propagation
provides the largest gains in high-uncertainty and low evi-
dence per learner-concept pair settings. In contrast, in the
multi-concept EEDI setting, hierarchical propagation brings
limited benefit, suggesting that rich exercise-concept informa-
tion encodes substantial relational information, and provides
as much information as the domain structure.

Future work will leverage the joint propagation of knowledge
mastery and epistemic uncertainty to develop an adaptive
learning system that is guided by both estimated mastery
and uncertainty within the domain structure. We also plan
to investigate privacy-preserving deployments, in particular
through federated learning, where learners’ personal knowl-
edge graphs are maintained locally and only a limited set of
shared parameters is exchanged, thereby enabling collabora-
tive learning.
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[12] Y. Chen, J. P. González-Brenes, and J. Tian. Joint
discovery of skill prerequisite graphs and student models.
International Educational Data Mining Society, 2016.

[13] W. Cheng, H. Du, C. Li, E. Ni, L. Tan, T. Xu, and
Y. Ni. Uncertainty-aware knowledge tracing. In Proceed-
ings of the AAAI Conference on Artificial Intelligence,
volume 39, pages 27905–27913, 2025.

[14] S. T. Christie, C. Cook, and A. N. Rafferty. Uncertainty-
preserving deep knowledge tracing with state-space mod-
els. arXiv preprint arXiv:2407.17427, 2024.

[15] C. Conati, A. Gertner, and K. Vanlehn. Using bayesian
networks to manage uncertainty in student modeling.
User modeling and user-adapted interaction, 12(4):371–
417, 2002.

[16] A. T. Corbett and J. R. Anderson. Knowledge tracing:
Modeling the acquisition of procedural knowledge. User
Modeling and User-Adapted Interaction, 4(4):253–278,
1994.

[17] F.-R. Dang, Y. Liu, W. Zhao, and W. Zhang. Con-
structing an educational knowledge graph with concepts
linked to wikipedia. Journal of Computer Science and
Technology, 36(5):1200–1211, 2021.

[18] M. C. Desmarais and R. S. d. Baker. A review of recent
advances in learner and skill modeling in intelligent
learning environments. User Modeling and User-Adapted
Interaction, 22(1):9–38, 2012.

[19] H. Drachsler, K. Verbert, O. C. Santos, and
N. Manouselis. Panorama of recommender systems to
support learning. In Recommender systems handbook,
pages 421–451. Springer, 2015.

[20] X. Gao et al. A hierarchical probabilistic framework
for incremental knowledge tracing in classroom settings.
arXiv preprint arXiv:2506.09393, 2025.

[21] D. Hooshyar, M. Pedaste, K. Saks, Ä. Leijen, E. Bardone,
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