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Abstract

Individuals with Specific Learning Disorders (SLDs), and dyslexia in particular, often face barriers to equitable
access to reading materials, as texts should be both cognitively accessible and aligned with their thematic interests
to support sustained engagement. Existing approaches have addressed these dimensions in isolation, focusing on
either readability adaptation or preference-based recommendation, without jointly optimizing both objectives. In
this paper, we propose an adaptive text recommendation system that explicitly balances thematic relevance and
cognitive load for SLD learners. Each user is modeled through a dual-channel profile comprising a semantic topic
vector, capturing evolving thematic interests, and a readability target, tracking the user’s current accessibility
threshold. A hybrid scoring function combines semantic similarity with an asymmetric cognitive penalty, ensuring
that texts exceeding the user’s readability threshold are significantly demoted while thematically relevant content
is prioritized. The system operates over a preprocessed corpus derived from OneStopEnglish, where each
document is represented by an SBERT embedding and a Flesch Reading Ease score, and evolves continuously
through explicit and implicit user feedback. We conducted a preliminary offline study with simulated users using
standard ranking metrics, including NDCG@XK and Precision@XK, in which relevance is jointly determined by
semantic similarity and readability alignment. Results on the OneStopEnglish dataset demonstrate that the hybrid
approach achieves strong performance (HNDCG-Cos = 0.54, HP-Cos = 0.55, and NDCG@10 = 0.90), suggesting
its potential to balance thematic relevance with cognitive accessibility.
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1. Introduction

Reading is a fundamental skill for academic and social engagement, but for individuals with Specific
Learning Disorders (SLDs), particularly dyslexia, it is a continual source of cognitive labour and frus-
tration. Dyslexic readers encounter significant challenges not only with decoding and phonological
processing but also with the lack of accessible texts that fit with their authentic thematic interests, hence
diminishing motivation and prolonged engagement. From the perspective of inclusive education, ensur-
ing equitable access to engaging and cognitively appropriate reading materials is essential to support
participation, autonomy, and long-term learning outcomes. Previous research suggests that genuine
thematic interest plays a decisive role in reading engagement: when individuals with dyslexia read about
topics they care about, they tend to persevere, develop deeper comprehension, and achieve cognitive
gains that would otherwise remain inaccessible [1]. Existing Al-based approaches to supporting dyslexic
learners have highlighted the potential of Al-driven interventions in education [2]. A substantial body
of work focused on text simplification, demonstrating that reducing lexical and syntactic complexity
yields measurable benefits for reading speed and comprehension. A parallel line of research explored
recommender systems for SLDs, leveraging collaborative filtering and self-assessment data to model
user preferences. However, to the best of our knowledge, no prior system jointly optimizes thematic
relevance and cognitive load within a unified, adaptive recommendation framework. In this work, we
frame the problem as a text recommendation task under cognitive accessibility constraints, aiming
to identify content that is not only cognitively accessible but also genuinely aligned with the user’s
thematic interests. To address this gap, we propose an adaptive recommendation system that represents
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each user through a dual-channel profile: a semantic topic vector, capturing evolving thematic interests,
and a readability target, tracking the user’s current cognitive accessibility threshold. Recommendations
are generated by a hybrid scoring function that explicitly balances semantic similarity with a cognitively
asymmetric penalty, ensuring that texts exceeding the user’s readability threshold are significantly
demoted while thematically relevant content is prioritized. The system operates over a preprocessed
corpus derived from OneStopEnglish, where each text is represented by an SBERT embedding and a
Flesch Reading Ease score, and evolves continuously through explicit and implicit user feedback.

2. Related Work

Research on personalized support for dyslexic learners spans two partially overlapping strands:
accessibility-oriented personalization and recommender systems; our work lies at their intersection
by addressing text recommendation as a ranking problem, while explicitly personalizing the cognitive
accessibility constraints.

2.1. Accessibility-Oriented Personalization for Dyslexic Learners

A substantial body of research has shown that readers with dyslexia benefit from forms of personaliza-
tion that reduce processing difficulty and better align content delivery with individual cognitive needs.
A first line of work concentrates on text adaptation, particularly lexical and syntactic simplification.
Previous research indicates that higher-frequency words enhance reading speed, whereas shorter words
and simplified constructions can support comprehension, thus reducing the cognitive effort associated
with reading [3, 4]. These approaches are closely related to readability research, but they move beyond
generic text-level formulas by considering the practical effects of simplification strategies on dyslexic
readers. A second line of work shifts from text-centric adaptation to reader-centric personalization.
Early work on user-specific readability classification argued that text difficulty should not be treated as
an intrinsic property of the document alone, but rather as a relation between document characteristics
and reader abilities [5]. This perspective is particularly relevant in dyslexia, where the same text
may be manageable for one learner and cognitively overwhelming for another. Building on this idea,
subsequent research explored user modeling approaches for dyslexic students in virtual learning envi-
ronments, linking personalization to cognitive traits, learning preferences, and modality-specific needs
[6]. Recent evidence further substantiates the significance of personalized adaptation. A web-based
study demonstrated that personalized visual and auditory parameters can considerably enhance the
reading experience compared to standard interface configurations [7]. Likewise, adaptive systems have
begun to model learning progression over time, for example, by combining dynamic item generation,
difficulty management, and student modeling techniques to support individualized intervention [8].
More recently, Large Language Models (LLMs) have begun to be explored as tools for automated text
simplification, demonstrating the ability to generate accessible versions of complex content at multiple
readability levels, with measurable benefits on comprehension and perceived cognitive load [9, 10].
Collectively, these studies establish a clear consensus: personalization is beneficial for learners with
dyslexia, especially when it addresses readability, presentation, and cognitive load. However, most of
this literature focuses on making content more accessible, rather than on recommending content that is
both accessible and aligned with users’ thematic interests.

2.2. Recommender Systems for Reading Support and Dyslexia

The landscape of Recommender systems has progressively evolved to support a wide range of
information-seeking and learning processes, moving from generic content retrieval toward increas-
ingly personalized approaches that account for individual preferences, skills, and contextual needs.
In educational settings, these systems are commonly used to align learner profiles, preferences, and
skill levels with pedagogical resources, with the broader goal of improving engagement, autonomy,
and learning effectiveness [11, 12]. Within reading-related applications, early approaches proposed



personalized recommendations for digital-libraries, matching books to users based on reading ability
and profile information, though without explicitly targeting the dyslexic population [13]. More recent
work has moved toward dyslexia-aware recommendation settings. Hybrid recommender systems have
been developed in which users’ preferences and requirements are collected through self-assessment
questionnaires and interviews, then represented using structured formats such as graph-based databases
to support personalized recommendations [14]. Additional research provides dual-system recommender
architectures that dynamically adapt word recognition tasks according to the learner’s evolving capa-
bilities [15]. Similarly, recent work on adaptive sequential recommendation for dyslexia has modeled
student trajectories over time in order to optimize intervention and predict future learning needs [8].
These systems are closer to recommendation in the strict sense, because they select or rank candidate
items based on estimated utility for the learner. Beyond the dyslexia domain, the idea of incorporating
user capability into recommendations has also been explored in behavioral change contexts, where
Rasch-based models have been used to match recommended actions to a user’s estimated ability level
[16]. Yet capability alone is insufficient to drive engagement; the thematic relevance of recommended
content plays an equally important role.

Interest modeling has also played an important role in recommendation research. In the broader
recommender systems literature, several studies have shown that representing a user through a single
preference vector may be insufficient, motivating architectures capable of capturing multiple latent
interests from behavioral history [17]. In dyslexia-specific settings, interests have been elicited through
self-assessment ratings and incorporated into recommendation models that predict future preferences by
comparing users with similar profiles [18]. A more socially grounded perspective has modeled reading
interest as a temporally evolving and peer-influenced phenomenon, showing that the preferences of
dyslexic learners may also be shaped by group interactions and shared histories [19]. Regardless of
these advances, most of the approaches in this domain prioritize preference modeling, without explicitly
incorporating a learner-specific model of cognitive accessibility into the ranking function. As a result,
recommended items may be thematically relevant but cognitively misaligned with the reader’s abilities,
thereby limiting sustained engagement.

3. System Design

In this section, we present the proposed architecture (Figure 1), organized into three main components:
content preparation, online recommendation, and user profile adaptation. This design aims to accom-
plish three goals: (i) traceability, (ii) minimizing online latency, and (iii) supporting reproducibility
through centralized parameter control.

In the Offline Processing stage, text collections are transformed into reusable representations cap-
turing both readability features and semantic information, thereby shifting computationally intensive
operations outside the online pipeline and avoiding inconsistencies between the user state and the
content repository. The Online Recommendation module employs user state to generate texts that meet
user interests and readability constraints. A hybrid scoring algorithm that integrates multiple signals
ranks these candidates to create a Top-K recommendation list (Section 4.2). This technique avoids
lexical or semantic-only requirements. Finally, the Adaptive Loop updates the user’s thematic repre-
sentation, readability target, and interaction history based on successive user interactions (including
explicit feedback and implicit signals). The system maintains persistent user states across interactions,
enabling adaptation over time. Dashed lines in the picture represent penalty rules and hyperparameters
for external control, allowing flexible tuning without affecting component operation while keeping
modularity, interpretability, and extensibility for future study and experimentation.

4. Methodology

For individuals with specific learning disabilities, text recommendations must balance thematic relevance
and cognitive accessibility. Instead of choosing texts based on user preferences, the goal is to find
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Figure 1: Architectural workflow of the adaptive recommendation system. The diagram highlights the three-
phase pipeline: (1) Offline feature extraction and embedding generation; (2) Online multi-objective scoring
balancing semantic relevance and readability; (3) The feedback-driven adaptive loop for dynamic profile recali-
bration.

documents that improve semantic alignment and readability in relation to the user’s current state. We
model this task as a personalized ranking problem over a document collection @ = {di, ..., dy}. Each
document d; is represented by a pair (g;, r;), where ¢; € R3®* is a semantic embedding and r, is the Flesch
Reading Ease score. The user state at time ¢ is defined as: w, = (v, 7, H;), where v; is the topic vector, 7
is the readability target, and H, is the reading history.

4.1. User Modeling

The user profile is structured into three layers: semantic memory, difficulty memory, and episodic
memory. Semantic memory represents a continuous mapping that resides in the latent space shared
by documents, providing consistency and comparability in the form of similarity geometry. The
difficulty memory is used to represent the targeted difficulty range. Finally, episodic memory helps
avoid recommendation repetition, maintaining marginal utility. The initialization of the topic vector
uses the normalized centroid of the embedded corpus:
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This initialization acts as a non-informative semantic prior: by anchoring the topic vector at the
centroid of the corpus distribution, Equation 1 prevents premature drift toward irrelevant thematic
areas before the adaptive loop captures the first authentic interest signals. After every read, the topic
vector is revised using the technique of interpolation as follows: v, = norm((l —a) v+ oy édt)~ In this
case, the feedback-mapping function f(q) transforms the user-reported difficulty level (q € 1, 2,3,4,5)
into an adaptation weight (aq € 0.1,0.2,0.3,0.4,0.5), with a monotonic relation on the valid domain:
f(q) =ag = 0.1g.

Here, g = 1 indicates low engagement or perceived difficulty, while g = 5 indicates high engagement
and perceived accessibility. From this perspective, higher levels of feedback indicate higher flexibility of
the user profile, as the algorithm gives greater importance to interactions carrying stronger informational
value. In parallel, the readability target (z;) is updated as: 7;,; = clip (i + Az, ; 20, ;90) . This bounded
interval prevents both excessive cognitive overload (<20, typically academic/technical prose) and
overly simplistic, non-age-appropriate language (>90). Specifically, the update step Az is formalized as:
A=y f(q) - (rq — ) where y € (0, 1) represents the global damping factor controlling the maximum
shift per session, f(q) is a feedback-dependent learning weight mapping the user’s explicit/implicit
feedback g to an impact magnitude, and (4, — 7;) is the observed readability distance of the interacted
document. The application of minimal shift thresholds in each feedback category ensures that there are
no insignificant changes in situations where the user input is significant.



From a theoretical perspective, this design implements a dual-channel dynamic system, where
the semantic channel determines what to recommend, while the cognitive channel regulates how the
recommendation should be.

Dataset We use a preprocessed version of the OneStopEnglish dataset [20], which provides multiple
versions of each text at different readability levels. This structure enables controlled evaluation of
recommendation strategies that jointly consider semantic relevance and readability. Each document
is represented by a semantic embedding and a readability score. Specifically, texts are encoded using
SBERT (all-MiniLM-L6-v2, 384 dimensions), while readability is quantified using the Flesch Reading
Ease score. This hybrid representation combines semantic expressiveness with interpretable readability
features, supporting the identification of texts that are both topically relevant and cognitively accessible.

4.2. Recommendation Engine

The recommendation engine follows a three-step process: candidate generation, scoring, and ranking.
There are two constraints for the set of candidates: (a) no documents already read by the user are
considered - H; (the user’s reading history); and (b) the documents must be near the user’s level of
readability - tol. The candidate set is defined as:

Ct(u) = {d ED \ Ht | |rd— Tt| < tol}

This selection balances search space coverage with cognitive realism, limiting candidates to documents
that are both thematically diverse and within the user’s readability range. Hybrid scores are then
computed for each candidate, sorted in decreasing order, and the top K = 10 documents are returned.
The computational cost is O(nlogn), dominated by the sort operation, making the pipeline feasible for
interactive inference. In terms of methodology, the proposed architecture conforms to practical settings
where: (i) there are relatively small numbers of users or evolving user profiles; (ii) immediate feedback
is required from the system; (iii) simplicity in the ranking criterion is preferred over complexity.

4.2.1. Scoring Function

The scoring function represents the theoretical core of the recommendation engine, explicitly encoding
the utility function to be maximized. It implements a linear scalarization of two competing objectives:
maximizing semantic relevance and minimizing readability mismatch. Formally:

S(u,d) = n- cos(v,, eg) — - G(u,d) - P(u, d) (2)

The first term 75 - cos(v,, e;) measures semantic alignment between the user profile and the document in
the latent space. The second term ¢ - G(u,d) - P(u, d) is the cognitive penalty, which increases as the
document deviates from the user’s readability target.

Readability gap. Since the raw readability distance |z, — r;| numerically dominates the cosine
similarity term due to scale differences, we introduce a local normalization relative to the tolerance
threshold (T = tol):

G(u,d) = min('T” ; rd', 1)

Local normalization relative to T is preferred over global MinMax rescaling, which was empirically
found to overly compress the penalty range, causing ranking instability.

Asymmetric penalty. On the Flesch scale, lower scores indicate harder texts, so r; < 7, denotes a
document more demanding than the user’s readability target z,:

1+a, <
P(u,d):{ a, 1<ty

1, Ty 2Ty,



This asymmetric formulation reflects the clinical-educational priority of avoiding cognitively over-
whelming elements. Texts within or below 7, (i.e., r; > 7,) incur only a linear penalty based on G(u, d),
supporting gradual skill acquisition. Texts exceeding the tolerable difficulty limit (r; < 7,) are further
demoted by ¢, prioritizing the reduction of cognitively overwhelming content, irrespective of its se-
mantic attractiveness. This design relies on neuropsychological evidence showing that text difficulty
has a nonlinear effect on dyslexic readers, with above-threshold texts triggering a disproportionate
cognitive decline and entering the so-called frustration level, where reading sub-processes can no
longer be integrated effectively [21, 22]. The parameters n and { govern the fundamental trade-off
between semantic relevance and cognitive accessibility. Altering the ratio /{ produces qualitatively
distinct recommendation behaviors. When 1 >> {(Semantic Supremacy), the system prioritizes thematic
relevance at the expense of cognitive accessibility. Users receive texts aligned with their interests but
containing linguistically demanding structures that exceed their readability threshold. For individuals
with dyslexia, this results in instant cognitive exhaustion, frequent phonological mistakes, and pro-
gressive disengagement from the task. Conversely, when { > n (Cognitive Dominance), the system
becomes overly conservative, producing readable but thematically unengaging recommendations that
fail to sustain motivation, a known limitation of purely accessibility-driven approaches.

5. Evaluation

We evaluate the offline effectiveness of the recommendation engine on the OneStopEnglish dataset
(4.1), using standard Information Retrieval metrics [23], namely NDCG@K and Precision@K. Relevance
is defined along two dimensions: (i) semantic similarity between document embeddings and the
user interest vector (computed via cosine similarity over SBERT representations), and (ii) alignment
between the document’s Flesch score and the user’s readability target. NDCG@K assesses the quality
of the ranking by assigning higher importance to relevant documents appearing at the top of the
recommendation list. Precision@K measures the proportion of relevant documents within the top-
K recommendations. While NDCG@K and Precision@K quantify ranking quality and relevance
concentration, they do not explicitly capture semantic coherence in the top-ranked results. We therefore
complement them with MeanCos@5, HNDCG-Cos, and HP-Cos.

1 vk K 2rliog
MeanCos@K = I_(Zi:l cos(v, ez) DCG@K = )., gD
=1yK , _ DeGek
P@K = Kzi:1 1[rel; > 1] NDCG@K = DCG@K
_ _ 2NDCG@K-MeanCos@K _ _ 2P@K-MeanCos@K
HNDCG-Cos@K = {pc5okiMeancos@k T COS@K = 5o N eanCos@K

MeanCos@5 measures semantic coherence through a metric that computes the alignment of topics
between the user and the documents retrieved for the first five results. The metric directly assesses
the ability of the system to retrieve relevant content based on the semantic interests of the user rather
than just satisfying readability constraints. With this regard, HNDCG-Cos combines this measure
of semantic coherence with the effectiveness of the ranking system in order for higher values to be
generated only when both conditions are fulfilled. Likewise, HP-Cos works to complement this notion
by linking semantic coherence with a high density of relevant entries at the beginning of the ranked
list. Overall, the two metrics work together to provide balanced measures that do not oversimplify the
performance of a single model in terms of optimizing one condition without the other.

5.1. Empirical Study

We evaluate 10 independent seeds with stratified simulated users, using = 0.6, { = 0.4, @ = 0.4,
tol = 15,y = 0.6, and K = 10. Table 1 reports mean =+ standard deviation across seeds. Parameters were
set following a principled constraint: since the asymmetric penalty P(u,d) already amplifies the cognitive
component for texts exceeding the user’s readability threshold, assigning { > n would result in a double
penalization of the readability dimension, producing overly conservative recommendations (as discussed



in Section 4.2.1). Accordingly, the semantic weight was constrained to 1 = 0.5. Within this admissible
range, the specific values n = 0.6 and {'= 0.4 were selected via a small-scale grid search over the simulated
user protocol, optimizing for the harmonic balance between HNDCG-Cos and Precision@K. Simulated
users were generated through a stratified multi-seed protocol to balance diversity and experimental
control. For each of 10 independent seeds, we created 128 profiles (8 topic clusters x 4 readability
anchors x 4 users per cell), for a total of 1280 profiles. Topic strata were obtained via K-Means over
normalized SBERT embeddings. Each user’s readability target was sampled around anchors (30, 45, 60,
75) with Gaussian noise and clipped to [20, 90]. Initial history included 5 documents sampled without
replacement from the assigned topic stratum, prioritizing documents close to the sampled readability
target. The initial user vector was computed as the normalized centroid of history embeddings, with
small stochastic perturbation to increase within-cell heterogeneity. This protocol yields broad yet
structured synthetic variability, ensures systematic coverage of the topic-readability space, and supports
robust reporting across seeds (mean +- standard deviation).

Method NDCG@10 Precision@10 Precision@5 MeanCos@5 HNDCG—Cos Hp_cys

Readability only  0.9996 + 0.0000 0.9891 + 0.0056 0.9975 +0.0032  0.1674 + 0.0044 0.2828 = 0.0062 0.2826 = 0.0061
Similarity only 0.5168 + 0.0086 0.6261 = 0.0170 0.6464 = 0.0286  0.4906 + 0.0049  0.4948 + 0.0053 0.5374 + 0.0133
Hybrid 0.9036 £+ 0.0030 0.9706 = 0.0068 0.9822 £ 0.0065 0.3929 £ 0.0053  0.5367 £0.0063 0.5520 + 0.0065

Table 1
Ablation with local gap normalization and asymmetric penalty on harder texts. The hybrid objective provides
the best joint readability-semantic harmonic balance.

Leakage across versions. On the same protocol, leakage at Top-10 (same article family in history
and recommendation) is: Readability only 0.0250 + 0.0040, Hybrid 0.2268 + 0.0105, Similarity only
0.4461 + 0.0141. The Hybrid leakage rate is partially expected, as recommending the same article at a
different readability level may support scaffolded skill acquisition. Nevertheless, to limit redundancy,
future work will extend H, to track entire article families rather than individual documents, excluding
same-family candidates from the candidate set.

6. Limitations and Future Work

To address the limitations that come with offline evaluation, we plan to incorporate a user-based
evaluation, which relies on two measures: the Completion Rate and the System Usability Scale (SUS)
[24]. Completion Rate, defined as the ratio of completed to attempted texts, serves as a behavioral proxy
for cognitive adequacy, under the assumption that cognitively overloaded texts are more likely to be
abandoned. It enables comparison between experimental and control conditions, providing insight
into the effectiveness of the proposed recommendations relative to traditional selection criteria. As
opposed to the behavioral metrics, the latter, in particular, the SUS, is designed to capture subjective
measures of the system’s usability and usefulness. At the same time, the adopted metrics primarily
assess the system’s internal consistency rather than its clinically relevant effectiveness, which intro-
duces a potential risk of evaluative circularity. Moreover, the Flesch score, originally validated on
neurotypical populations [25, 26], may not fully reflect the cognitive load experienced by dyslexic
readers, for whom factors such as the density of complex graphemes and lexical familiarity are critical
[27]. As a result, high ranking performance (e.g., NDCG) does not necessarily indicate the actual
appropriateness of the recommended texts. User-based evaluation introduces further challenges: the
target population is inherently heterogeneous [28], and metrics such as the Completion Rate do not
imply actual comprehension. For instance, Likert-scale feedback can be systematically distorted by
emotional factors typical of individuals with SLDs. Detecting an improvement causally attributable to
the system would require a controlled longitudinal design using clinically validated instruments (such
as CTOPP and GORT-5 [29, 30]) that fall outside the scope of this study. Despite these limitations, the
adopted evaluation strategy provides a first step for assessing the consistency of the proposed approach.



7. Conclusion

This work introduces an adaptive text recommendation system aimed at supporting individuals with
SLDs, particularly dyslexia, by jointly modeling thematic relevance and cognitive accessibility. The
proposed approach relies on a dual-channel user representation, combining a semantic topic vector with
a dynamic readability target, and a hybrid scoring function that integrates semantic similarity with an
asymmetric cognitive penalty. Preliminary offline evaluation on the OneStopEnglish dataset suggests
that the proposed method can produce rankings that balance thematic relevance with readability
constraints, yielding promising results in terms of both NDCG and Precision. While these findings
provide an initial indication of the potential of the approach, they remain limited to simulated user
scenarios and offline metrics.
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