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Abstract

This paper presents MorphoArabia, a sys-
tem developed for the BAREC Shared Task
2025 on Arabic Readability Assessment. The
approach is centered on the hypothesis that
deep morphological analysis is fundamental
for modeling the complexity of the Arabic lan-
guage. A regression model was fine-tuned on
AraBERTv2 with morphologically-aware tok-
enization via CAMeL Tools. Various configu-
rations were explored for the strict, constrained,
and open tracks, including a hybrid model with
seven engineered lexical features. The sys-
tem demonstrated highly competitive perfor-
mance, securing top-10 rankings in all six sub-
tasks and achieving a peak Quadratic Weighted
Kappa (QWK) of 84.2% on the strict sentence-
level task. All code and models are publicly
available to facilitate future research.

1 Introduction

Automatic Readability Assessment for Arabic is a
challenging task, primarily due to the language’s
rich and complex morphology (Liberato et al.,
2024). Consequently, traditional readability for-
mulas that rely on surface-level features are often
insufficient for capturing the nuanced difficulty of
Arabic text (Al-Tamimi et al., 2014). The BAREC
Shared Task 2025 (Elmadani et al., 2025a)
addresses this by providing a large-scale, fine-
grained dataset annotated on a 19-level readability
scale. This paper introduces MorphoArabia, a
system designed to address this challenge by
explicitly modeling Arabic morphology. The core
hypothesis is that a model’s performance can be
significantly improved by providing it with text
analyzed at the morpheme level. This hypothesis
is tested across the three competition tracks:

e Strict Track: A fine-tuned AraBERTv2 (An-
toun et al., 2020) regression model using only
the official BAREC corpus.

* Constrained Track: A hybrid architecture
augmenting the base model with seven en-
gineered lexical features derived from the
SAMER corpus (Alhafni et al., 2024).

* Open Track: The base regression model
trained on a combination of the BAREC and
DARES corpora (El-Haj et al., 2024).

The system achieved competitive results across
all tracks, notably securing 2nd place in both the
strict and open document-level tasks, validating
the effectiveness of the morphologically-aware ap-
proach. Key findings include the superior perfor-
mance of regression over classification for this task,
along with the challenges of harmonizing datasets
with disparate annotation scales. To ensure repro-
ducibility, all code and models are available on
GitHub' and Hugging Face’.

2 Background and Related Work

2.1 Task Description

The BAREC Shared Task 2025 utilizes the
Balanced Arabic Readability Evaluation Corpus
(BAREQC), a dataset exceeding 1 million words an-
notated for readability assessment (Elmadani et al.,
2025b). The task’s 19-level annotation scheme is
detailed in the official guidelines (Habash et al.,
2025). The task comprises two primary goals:

» Task 1: Sentence-level Readability Assess-
ment: Predict a readability score (1-19) for a
given Arabic sentence.

* Task 2: Document-level Readability As-
sessment: Predict an overall document read-
ability score, defined by the highest score of
any sentence within it.

"https://github.com/astral-fate,/

barec- Arabic- Readability- Assessment

https:/ /huggingface.co/
collections/FatimahEmadEldin/
barec-shared-task-2025-689195853{581b9a60f9bd6c
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Participation was offered across three tracks:
Strict, Constrained, and Open, each with distinct
data constraints.

2.2 Related Work and Available Datasets

The landscape of Arabic NLP resources is ex-
tensively documented by initiatives like Masader
(Alyafeai et al., 2021; Altaher et al., 2022). For
readability assessment, several key resources in-
clude:

* DARES (El-Haj et al., 2024): A corpus of
school textbooks with fine-grained (G1-G12)
and coarse-grained labels.

* OSMAN (FEI-Haj and Rayson, 2016): A read-
ability metric providing a continuous 0-100
score.

* ARC-WMI (AL-Dayel et al., 2018): A med-
ical corpus with three difficulty levels.

* SAMER Project: This project introduced
a lexicon with a 5-level scale (L1-L5) (EI-
madani et al., 2025b). A related Google
Docs add-on was also developed for word-
level readability visualization (Hazim et al.,
2022).

* SAMER Corpus (Alhafni et al., 2024): A
text simplification corpus with parallel texts
across multiple readability levels, used for
comprehensive modeling approaches ranging
from rule-based methods to pretrained lan-
guage models (Liberato et al., 2024).

3 System Overview

The system employs two main architectures: a
base regression model for the Strict and Open
tracks, and a hybrid model for the Constrained
track, which incorporates engineered features.

3.1 Morphological Analysis

The preprocessing pipeline utilized the CAMeL
Tools d3tok analyzer (Obeid et al., 2020) for
external datasets such as SAMER and DARES.
This tool performs deep morphological analysis by
disambiguating words in context and segmenting
them into constituent morphemes, capturing com-
plexities often missed by standard tokenization.

3.2 Feature Engineering

For the Constrained track, the system was en-
hanced with a hybrid architecture integrating en-
gineered lexical features with the Transformer
model’s contextual understanding. Seven numer-
ical features were engineered for each sentence us-

ing the SAMER lexicon to provide explicit signals
about text complexity. A detailed description of
these features is provided in Table 3 in Appendix A.
The final sentence representation is created by con-
catenating the Transformer’s ‘[CLS]‘ token embed-
ding with this 7-dimensional feature vector, which
is then passed to a regression head for prediction.

3.3 Level Mapping for External Datasets

To augment training data for the Constrained and
Open tracks, external corpora were incorporated,
necessitating mapping their distinct annotation
scales to the 19-level BAREC scale.

* DARES Corpus: For the Open track, "Gl-
G12” labels were directly mapped to BAREC
levels 1-12.

* SAMER Corpus: For the Constrained track,
SAMER’s 5-level scale was harmonized with
BAREC’s 19-level scale. A heuristic mapped
SAMER levels L3, L4, and L5 to BAREC val-
ues 4, 10, and 16, respectively.

This heuristic mapping process was identified as a
potential source of noise and variance, potentially
impacting model performance by introducing in-
consistencies.

4 Experimental Setup
4.1 Datasets

Datasets and distributions were defined by each
competition track. All data was preprocessed into
the d3tok format before training.

e Strict Track: Limited to the official BAREC
corpus.

— Sentence-level: BAREC training
(54,845 sentences) and development
(7,310 sentences) and (7,286) test
records, for the development phase, and
(3,417) for the blind testing phase.

— Document-level: Official document
splits for the development phase is:
1,518 training, 194 development, 210
testing, and (100) for the tblind esting
phase.

* Constrained Track: BAREC training data
augmented with the SAMER Corpus.

— Combined sentence-level training set:
97,874 sentences.
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Track Task Dev (QWK) Pl(lgl‘l;lgm B(lglgv’lléz)st Hugl\%[l:é;eface
Strict Sentence 82.64 83.61 84.2 [Link]
Document 71.07 65.91 79.90 [Link]
Constrained Sentence 80.07 80.71 82.9 [Link]
Document 75.60 62.70 75.5 [Link]
Open Sentence 83.10 82.06 83.9 [Link]
Document 72.85 57.11 79.2 [Link]

Table 1: Final QWK scores and Hugging Face models for each task. For document-level tasks, scores were derived
from the sentence-level model by assigning each document the highest readability score found among its sentences.

— Original BAREC development
(7,310 sentences) used for validation.

set

* Open Track: This track permitted the use
of external data, with experiments primar-
ily focusing on combining the BAREC and
DARES datasets. Different data configura-
tions were explored to optimize performance
for both sentence-level and document-level
tasks. More details on the data distribu-
tions for the Open track can be found in Ap-
pendix B.

4.2 Training and Hyperparameters

Models were fine-tuned with varied hyperparame-
ters, primarily adjusting learning rate (2e-5-5e-5)
and epochs (6-20). All models used the AdamW
optimizer and an early stopping callback monitor-
ing validation QWK score. A detailed summary of
the hyperparameter values for the best performing
models can be found in Appendix E.

4.3 Evaluation Metrics

The primary metric for evaluation is the Quadratic
Weighted Kappa (QWK) (Cohen, 1968), as defined
in Equation 1.

2 wiiOig
> i wij B

In this formula, O is the matrix of observed agree-
ment, F is the matrix of expected agreement, and
w;j = (i — j)? is the quadratic weight matrix that
penalizes larger disagreements more severely.

(D

Ky = 1

5 Results

The system demonstrated strong and consistent
performance across all competition tracks. As
summarized in Table 1, the top performance
achieved was a sentence-level Quadratic Weighted
Kappa (QWK) of 84.2% in the Strict track and a

document-level QWK of 79.2% in the Open track.
Full configurations for the best-performing models
are detailed in Appendix E (Table 7).

5.1 Sentence-Level Analysis

The system achieved a highly competitive QWK
score of 84.2% on the Strict track, earning a
7th-place rank on the official leaderboard. This
performance is nearly identical to the official
BAREC benchmark score of 84.4% (Elmadani
et al., 2025b). The minor difference is attributed
to variations from the custom morphological anal-
ysis used in this work, as opposed to the official
pre-processed dataset provided by the organizers.

In the Constrained track, the hybrid model
yielded a QWK of 82.9%, which earned a 3rd-
place ranking. For the Open track, a QWK of
83.9% was attained by augmenting the training
data with the DARES corpus, resulting in a 2nd-
place ranking. It was noted, however, that nei-
ther of these results exceeded the performance ob-
served in the Strict track. This observation re-
inforces the notion that the difficulties inherent
in mapping different annotation scales can intro-
duce label and domain variance, which may tem-
per the performance improvements expected from
additional data.

5.2 Document-Level Analysis

For the document-level task, no models were di-
rectly fine-tuned on full documents. Instead, the
assessment was derived from the corresponding
sentence-level models by assigning each docu-
ment the maximum readability score predicted
among all its sentences. A substantial increase
in the QWK was observed between the develop-
ment phase and the final blind test evaluation. The
document-level QWK for the Strict track increased
from a development score of 62.37% to a final
blind test score of 79.9%, achieving a 2nd-place
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rank in the official evaluation (Tables 1, 7). A 3rd-
place ranking was secured in the Constrained track
with a score of 75.5%. In the Open track, the score
increased from a development QWK of 60.48% to
79.2%, which also ranked 2nd (Tables 1, 7). This
considerable improvement suggests the blind test
set featured a different distribution of document
complexity, one where difficulty was determined
by a few outlier sentences.

5.3 Comparison with Official Baseline

A direct comparison with the final baseline results
released by the shared task organizers reveals that
the MorphoArabia system demonstrated a signifi-
cant performance improvement across all six sub-
tasks. The official baseline scores are sourced from
the final leaderboards published on the BAREC
Shared Task website.

As shown in Table 2, MorphoArabia outper-
formed the baseline by a notable margin in ev-
ery category. The most substantial gains were
observed in the document-level tasks, where the
system’s max-score aggregation strategy proved
highly effective, leading to improvements of +17.9,
+13.5, and +17.2 QWK points for the Strict, Con-
strained, and Open tracks, respectively. The
sentence-level tasks also showed consistent im-
provements, confirming the robustness of the
morphologically-aware approach.

5.4 Hyperparameter and Data Ablation
Analysis

The optimal configuration for the sentence-level
task did not yield the best performance for the
document-level task. The model from Experiment
2 achieved the highest sentence-level QWK on the
blind test set (83.9%), whereas the model from Ex-
periment 5 yielded the top document-level score
(79.2%). Notably, the best sentence-level perfor-
mance on the validation set (83.6%) was achieved
in Experiments 3 and 4, not Experiment 2 (Ta-
ble 6). This suggests that the document-level task,
being highly sensitive to single-sentence errors,
benefits from a validation set that better mirrors
the complexity distribution of the augmented train-
ing data. Furthermore, experiments combining all
three datasets (BAREC, SAMER, and DARES) did
not lead to superior results, highlighting that more
data is not always beneficial when significant label
and domain variance is introduced, as detailed in
Appendix C.2 (Table 6).

5.5 Ablation on Task Formulation

To validate the problem formulation, an ablation
study was conducted comparing the primary re-
gression approach (predicting a continuous score)
against a multi-class classification alternative (pre-
dicting one of 19 discrete levels). For this com-
parison, the classification models were tested us-
ing a custom, non-morphological data normaliza-
tion pipeline in place of the d3tok Morphologi-
cal Analyzer (see Appendix C.1). The classifica-
tion approach consistently yielded inferior perfor-
mance compared to the morphologically-aware re-
gression model, as detailed in Appendix C.2 (Ta-
ble 5). This result confirmed that the regression
framework was the more effective formulation for
this task.

5.6 Morphological Error Analysis

A key source of error was identified as preprocess-
ing artifacts. Appendix F (Table 8) provides ex-
amples where the d3tok analyzer failed to pro-
duce a morphological analysis, instead inserting
a NOAN (No Analysis) token. This occurs for
words not in its vocabulary or for words with valid
but less frequent morphological forms. This noise,
introduced during data augmentation, can degrade
model reliability, especially for the document-level
task.

6 Discussion

The performance of the MorphoArabia system,
summarized in Table 1, validates the core hypoth-
esis that a morphologically-aware model is highly
effective for Arabic readability assessment. The
top score achieved in the Strict sentence-level track
(84.2% QWK) was highly competitive, nearly
matching the official BAREC benchmark of 84.4%
and underscoring the success of this foundational
approach.

A key observation from the results is that mod-
els augmented with external data (Constrained and
Open tracks) did not surpass the baseline model
trained exclusively on the BAREC corpus. This
suggests that the benefits of additional data were
negated by noise introduced when harmonizing
disparate datasets. Heuristically mapping differ-
ent annotation scales (e.g., SAMER’s 5-level and
DARES’s 12-level) to BAREC’s 19-level schema
likely introduced significant label and domain vari-
ance, highlighting that annotation quality and con-
sistency are paramount.
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Track Task MorphoArabia (QWK) Official Baseline (QWK)

Strict Sentence 84.2% 81.5%
Document 79.9% 62.0%

Constrained Sentence 82.9% 81.5%
Document 75.5% 62.0%

Open Sentence 83.9% 81.5%
Document 79.2% 62.0%

Table 2: Comparison of final blind test QWK scores between MorphoArabia and the official shared task baseline.

The document-level assessment strategy, which
assigned the maximum sentence score to the doc-
ument, proved effective, securing second-place
rankings in two tracks. The significant QWK score
increase in the blind test suggests its distribution
contained documents whose difficulty was driven
by a few outlier sentences, a characteristic well-
suited to the chosen max-score approach. Ad-
ditionally, ablation studies confirmed that formu-
lating the task as regression consistently outper-
formed a multi-class classification approach (Ap-
pendix C.2, Table 5).

Despite the system’s success, two primary lim-
itations were identified. First, reliance on the
d3tok analyzer made the system susceptible to
preprocessing artifacts. It failed to parse out-of-
vocabulary or infrequent words, inserting a NOAN
(No Analysis) token (see Appendix F). This intro-
duced noise by depriving the model of crucial mor-
phological information, a particularly detrimental
issue for the document-level task where a single
unanalyzed word can determine the overall score.
Second, the simplistic, direct mapping used for
data augmentation presents a significant challenge,
as it fails to account for subtle differences in an-
notation criteria between corpora, leading to label
noise.

7 Conclusion

This paper presented MorphoArabia, a system de-
veloped for the BAREC Shared Task 2025 on Ara-
bic readability assessment. The system was cen-
tered on the hypothesis that a deep morphologi-
cal approach is fundamental to modeling the nu-
ances of Arabic text complexity. It employed
two main architectures: a fine-tuned AraBERTV2
regression model and a hybrid model enhanced
with seven engineered lexical features for the Con-
strained track. The results demonstrated highly
competitive performance, securing 2nd place in the
strict and open document-level tasks and achiev-

ing a peak QWK of 84.2% on the strict sentence-
level task, thereby validating the effectiveness of
the core approach. Despite its success, this work
identified two primary limitations.

First, the process of harmonizing external
datasets (SAMER and DARES) with different an-
notation scales introduced label noise, which may
have tempered performance gains on the aug-
mented tracks. Second, the system’s reliance on
the d3tok analyzer made it susceptible to prepro-
cessing artifacts, where out-of-vocabulary or mor-
phologically infrequent words were not analyzed,
potentially degrading model reliability.

These limitations inform several directions for
future work. Research could focus on more so-
phisticated domain adaptation techniques to better
integrate external corpora and mitigate the effects
of label variance. Another avenue is to improve
the robustness of the morphological preprocessing
pipeline, either by fine-tuning the analyzer on a
broader vocabulary or by developing strategies to
handle analysis failures.

Finally, exploring architectures that are directly
fine-tuned on the document-level task, rather than
relying on sentence-level aggregation, presents a
promising path toward further performance im-
provements. In the interest of open science and to
facilitate future research, all code for preprocess-
ing, training, and evaluation, alongside the final
fine-tuned models for each track, have been made
publicly available. The experimental code is acces-
sible on GitHub, and the models are hosted on the
Hugging Face Hub, providing a strong and repro-
ducible baseline for future work in Arabic readabil-
ity assessment.
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A Engineered Lexical Features

This appendix provides a detailed description of
the seven engineered lexical features that were in-
tegrated into the hybrid model for the Constrained
track. These features were designed to provide
the model with explicit, interpretable signals about
text complexity, complementing the deep contex-
tual understanding from the Transformer architec-
ture. Table 3 lists these features.

B Data Distribution for the Open Track

This appendix outlines the specific data configura-
tions used for the Open track experiments. Since
this track allowed for external data, different strate-
gies were employed to combine the BAREC and
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No. Description No.

Description

1 Sentence length (total characters)
2 Number of words in the sentence
3 Average word length in characters
4 Mean word difficulty (from lexicon)

Maximum word difficulty in the sentence
Count of "hard” words (difficulty score > 4)
Fraction of Out-of-Vocabulary (OOV) words

Table 3: Description of the seven engineered lexical features used in the hybrid model.

DARES datasets to optimize performance for both
the sentence-level and document-level tasks.

* Sentence-Level Task Data Configuration:

— Training Set: A combination of
the BAREC dataset and the official
train/development splits of the DARES
dataset, totaling 64,548 records. This
consisted of:

% 9,703 records from the DARES train-
ing set.

* 1,380 records from the DARES de-
velopment set.

# Remaining records from the BAREC
dataset.

— Validation Set: 8,690 records.

* Document-Level Task Data Configuration:
A more specific data splitting strategy was em-
ployed.

— Training Set: Consisted of the entire
BAREC dataset combined with 85% of
the complete DARES dataset (merging
its train, development, and test splits).
This resulted in a total of 66,634 records
for training.

— Validation Set: The remaining 15%
of the combined DARES data, totaling
9,391 records.

C Ablation Studies and Alternative
Approaches

This appendix details the ablation studies that
were conducted to validate the final system de-
sign. These experiments explored alternative ap-
proaches to key aspects of the pipeline, including
preprocessing methods, Open Track data configu-
rations, and the fundamental task formulation (clas-
sification vs. regression).

C.1 Ablation on Preprocessing:
Morphological vs. Custom Pipeline

The core hypothesis of this work posits that deep
morphological analysis surpasses simple surface-
level normalization for Arabic readability. To test
this, an alternative, custom preprocessing pipeline
was implemented and evaluated. This custom
method simplifies input rather than providing the
linguistic enrichment of the d3tok analyzer. Its
key steps include:

* Aggressive Normalization: Standardizes dif-
ferent forms of characters (e.g., Alef (1, ,)) to
|, Taa Marbuta (5) to Haa (s)).

 Diacritic Removal: Strips all short vowel

markings (_§<3).

This custom approach consistently yielded inferior
results compared to the morphologically analyzed
text. This suggests that linguistic information, such
as morpheme boundaries and diacritics, preserved
and added by the d3tok method, is vital for accu-
rate text complexity assessment. Table 4 provides
a direct comparison.

C.2 Ablation on Task Formulation:
Classification vs. Regression

The fundamental framing of the readability assess-
ment task was also explored. The problem can
be approached as either a multi-class classifica-
tion problem (predicting one of 19 discrete lev-
els) or a regression problem (predicting a contin-
uous score). An ablation study was conducted to
evaluate the efficacy of a classification approach.
As shown in Table 5, several pre-trained models
were fine-tuned for sequence classification on the
sentence-level task, but the regression approach
ultimately yielded superior performance for this
shared task.
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Original Sentence

Custom Preprocessing (Tested)

d3tok Analysis (Used)

S s . o sof
Gl ods L)
s oo PR ] PR

v p Ay Sl J

bl o o

v gy Sl dp

AL 1ok S

NOAN Zgms + £+ JI I

Table 4: Comparison of the d3tok analysis (used in the final system) and the custom normalization pipeline (tested

in an ablation study).

Track Model Used Dev (QWK) Test (QWK)
Strict Sentence CAMeL.-Lab/readability-arabertv02-word-CE 73.31 78.20
aubmindlab/bert-base-arabertv02 81.0 82.60
CAMeL-Lab/readability-arabertv2-d3tok-reg 74.95 69.7
CAMeL-Lab/bert-base-arabic-camelbert-mix-sentiment 81.60 82.70
Constrained Sentence aubmindlab/bert-base-arabertv02 78.50 79.60
CAMeL-Lab/readability-arabertv02-word-CE 69.0 72.20
Open Sentence CAMeL-Lab/readability-arabertv02-word-CE 78.0 79.60

Table 5: Ablation study results for the classification approach on the sentence-level task, using the custom, non-

morphological preprocessing pipeline.

D Ablation on Open Track Data
Configuration

For the Open track, multiple experiments were con-
ducted to determine the optimal mix of BAREC
and DARES data, alongside ideal hyperparameters.
The results, summarized in Table 6, indicate that
the best configuration for the sentence-level task
differed from that for the document-level task.

* Best Sentence Performance (Exp 2): The
highest sentence-level QWK (83.9) was
achieved with a lower learning rate (2e-5)
over 18 epochs, using a simple concatenation
of BAREC and DARES datasets for training
and validation.

Best Document Performance (Exp 5): The
highest document-level QWK (79.2) was
achieved with a higher learning rate (5e-5)
and a more careful data splitting strategy. The
validation set was explicitly augmented with
a stratified 15% sample of the DARES data
to better reflect the training distribution. This
highlights the document task’s sensitivity to
validation set composition for robust model
selection.

E Detailed Best Performing Models

This appendix presents a comprehensive break-
down of the final configurations used to achieve
the best reported results. Table 7 details the spe-
cific models, training hyperparameters, data distri-

butions, and corresponding QWK scores on both
development and test sets for each track and task.

F Morphological Analysis Errors

This appendix illustrates a key challenge encoun-
tered during data augmentation: morphological
analysis errors. Table 8 provides concrete ex-
amples where the CAMeL Tools d3tok analyzer
failed to parse a word, inserting a NOAN (No Anal-
ysis) token. This issue arises with words not in the
analyzer’s vocabulary, such as uncommon proper
nouns, or with words having valid but infrequent
morphological forms. This introduced noise that
could degrade model reliability, especially for the
document-level task where a single mis-analyzed
word can impact the score of an entire sentence.
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1D Training Parameters Data Distribution Sent. QWK Doc. QWK

Exp 1 LR=5e-5, Epochs=6 Train: BAREC (54.8k) + 83.5 73.8
DARES train (9.7k).
Total: 64.5k.
Dev: BAREC (7.3k) + DARES
dev (1.4k).
Total: 8.7k.

Exp 2 LR=2e-5, Epochs=18 Same as Exp 1. 83.9 76.1

Exp 3 LR=3e-5, Epochs=18 Train: All combined: BAREC + 83.6 74.6
SAMER + DARES.
Total: 107.6k.
Dev: BAREC (7.3k).

Exp 4 LR=3e-5, Epochs=10 Same as Exp 1. 83.6 78.6
Exp 5 LR=5e-5, Epochs=20 Train: BAREC (54.8k) + 85% 83.0 79.2
of merged DARES (11.8k).
Total: 66.6k.

Dev: BAREC (7.3k) + 15% of
merged DARES (2.1k).
Total: 9.4k.

Table 6: Summary of ablation experiments for the Open Track, detailing hyperparameters, data configurations, and
final test set performance for both sentence and document tasks. LR refers to Learning Rate.
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ID Original Sentence D3tok Analysis
SAMER_13172 9,850 L o par S NOAN | (¢ paz (a5 »
SAMER_15232 4o p Ay Sl J NOAN gy + sl + I J

Table 8: Examples of preprocessing artifacts from the SAMER corpus, where the CAMeL Tools analyzer failed
to produce a morphological analysis, inserting a NOAN token instead. Failures occurred on an uncommon proper
noun (,§,%), and a morphologically complex noun (4. ).
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