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Abstract
We present a framework for automatic text difficulty prediction, centered on a linguistically enriched German dataset
comprising texts that are aligned with the levels defined by the Common European Framework of Reference for
Languages, with its Greek counterpart currently under development. The dataset bears annotations and is used
for training and evaluating a system that integrates: (i) a lexicon of lexical profiling enriched via existing openly
available lexical resources, (ii) large-scale frequency modeling using a 1.5M-word corpus, (iii) syntactic complexity
pre-computation, (iv) percentile-based rule calibration, and (v) feature-based machine learning classifiers with
feature selection. Our framework integrates BERT-based contextual modeling and augments it with SHAP-driven
interpretability mechanisms and rigorous analysis of confidence calibration. The framework is designed to be in
principle language-agnostic, aiming to facilitate multilingual portability.
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1. Introduction

Automatic text difficulty prediction is central to
computer-assisted language learning (CALL), adap-
tive educational systems, curriculum development,
and automated content recommendation. In Euro-
pean contexts, text difficulty is typically assessed
through the Common European Framework of Ref-
erence for Languages (CEFR) (Council of Europe,
2001) which defines six proficiency levels (A1-
C2). Although recent research increasingly adopts
transformer-based architectures, educational ap-
plications require interpretability and pedagogical
justification. This is particularly true in language
learning contexts, where model outputs must be
transparent, explainable and aligned with estab-
lished proficiency standards.

This paper presents work aimed at developing a
workbench for CEFR-based text difficulty prediction.
The proposed platform comprises three main com-
ponents: (i) a tool for CEFR-aligned dataset prepa-
ration incorporating a pipeline for documenting,
processing, and enriching textual data, (ii) CEFR-
aligned datasets, and (iii) three alternative mod-
eling approaches, namely a rule-based baseline,
a feature-based Machine Learning (ML) classifier
and a fine-tuned BERT model. Our approach inte-
grates linguistically informed feature engineering
with data-driven modeling techniques, thereby bal-
ancing transparency and predictive performance.

The proposed workbench has been designed
within the EmoBot project (Kallipolitis et al., 2026)
as a language-agnostic infrastructure that can be
extended to any language. In its current imple-
mentation, it has been applied to the creation of a
German CEFR dataset, while its Greek counterpart

is currently under development.
This work makes three main contributions: (i) an

extensible infrastructure for building interoperable
CEFR-aligned corpora in multiple languages; (ii)
a CEFR-annotated German dataset with a Greek
one currently underway to evaluate portability and
extensibility; and (iii) a comprehensive text difficulty
prediction framework that integrates a calibrated
rule-based approach, a ML classifier, and BERT
modelling for CEFR-based text difficulty assess-
ment, currently evaluated on German.

The paper is structured as follows: Section 2
reviews related work on text difficulty assessment.
The infrastructure, including the CEFR-annotation
tool, the CEFR-aligned dataset and lexicon, is de-
scribed in Section 3, while Section 4 details the
predictive modeling approaches. Sections 5 and 6
present and discuss the empirical findings. We
conclude and outline future research in Section 7.

2. Related work

Readability assessment - defined as the degree of
“legibility, interest, or ease of reading” associated
with a text (Dale and Chall, 1949) - has long been
a central topic in applied linguistics, education, and
computational language processing. In language
pedagogy, automated readability assessment is
valuable not only for native speakers but is particu-
larly important for second/foreign language (L2/FL)
learners, as it supports the systematic alignment
of texts with learners’ proficiency levels and instruc-
tional objectives. In European educational contexts,
CEFR provides a standardized scale for describ-
ing language proficiency and guiding curriculum
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design.
Early approaches to text difficulty assessment re-

lied on surface-level readability formulas designed
to approximate cognitive processing difficulty using
shallow linguistic indicators. These formulas typi-
cally combine sentence and word length or syllable
count to estimate educational grade level, as for
example, the Flesch Reading Ease score (Flesch,
1948) and its derivative, the Flesch–Kincaid Grade
Level (Kincaid et al., 1975). However, they have
been proved to be useful for larger pieces of lan-
guage (texts) rather than shorter texts or dialogues
usually used in current educational CALL applica-
tions (Rooein et al., 2024).

Additional formula-based indices such as the
Coleman–Liau Index (Coleman and Liau, 1975)
and the Automated Readability Index (ARI) (Smith
and Senter, 1967) rely on character-level metrics
rather than syllable counts, making them easier to
compute programmatically.

Language-specific formulas e.g., for German,
namely the Wiener Sachtextformel (Bamberger
and Vanecek, 1984) are tailored to specific linguis-
tic properties. Readability formulas, however, ex-
hibit several limitations in that they rely on shal-
low surface features rather than explicitly modeling
syntactic or discourse structure. From an educa-
tional point of view, these formulas are not directly
aligned with CEFR descriptors while they general-
ize poorly across typologically distinct languages
without adaptation.

Over time, the field has expanded to incorporate
lexical frequency, syntactic complexity, discourse
structure, and, more recently, machine learning and
neural modeling approaches.

2.1. Machine Learning approaches
Supervised feature-based models were among the
first to be used in this direction. Vajjala and Meur-
ers (2012) advanced readability classification by
incorporating insights from L2 acquisition research,
combining measures of lexical richness with syntac-
tic complexity features (including parse-tree-based
ones), and demonstrating significant improvements
over traditional formulas through experiments with
Support Vector Machines (SVMs). For German
specifically, Hancke et al. (2012) developed a read-
ability classifier using lexical, syntactic, and mor-
phological features on a graded corpus of school
and web texts, establishing an early benchmark for
German text difficulty assessment.

SVM classifiers are very common in CEFR-
based classification. Xia et al. (2016) attained
80.3% accuracy on the WeeBit corpus utilizing an
SVM classifier with lexical and syntactic features
supplemented by discourse indicators. Meanwhile,
Pilán et al. (2016) illustrated that weakly lexical-
ized features improve generalization across unseen

data for CEFR-level assessment in Swedish L2
reading materials. In addition, Random Forest clas-
sifiers have shown strong results in text classifica-
tion tasks, and Imperial et al. (2025) reported good
results for document-level CEFR classification.

The emergence of neural network methodologies
has established novel paradigms in readability eval-
uation. Azpiazu and Pera (2019) proposed Multiat-
tentive Recurrent Neural Networks for multilingual
readability prediction, achieving 84.7% accuracy
on the VikiWiki dataset. More recently, transformer-
based architectures have shown promising results:
Deutsch et al. (2020) showed that BERT embed-
dings enhance readability prediction beyond tradi-
tional feature-based methods alone, while Imperial
(2021) demonstrated that hybrid models combin-
ing BERT sentence embeddings with handcrafted
linguistic features typically outperform either ap-
proach in isolation. Fine-tuned BERT models have
also proven effective for direct CEFR classification,
as evidenced by Santos et al. (2021). A consistent
theme across studies is that feature-based mod-
els provide superior interpretability and robustness
with limited training data, whereas transformer-
based models deliver higher discriminative perfor-
mance when ample data are available (Martinc
et al., 2021).

2.2. LLMs for Text Difficulty Assessment
The emergence of LLMs has opened new pathways
for assessing text difficulty. Yancey et al. (2023)
evaluated GPT-4 for rating short L2 essays on the
CEFR scale; few-shot calibration was found to ap-
proach the accuracy of state-of-the-art automated
writing evaluation systems, though agreement with
human ratings varied by learners’ native languages.
Trott and Rivière (2024) showed that GPT-4 Turbo’s
zero-shot readability estimates are very similar to
human judgments (r = 0.76) and work better than
traditional formulas on the CLEAR corpus.

While LLM-based approaches show clear per-
formance gains—Rooein et al. (2024) demon-
strated that prompt-based LLM metrics improve dif-
ficulty classification over traditional measures such
as Flesch-Kincaid, particularly for shorter texts—
measurement stability remains a concern. Uchida
(2024) reported inconsistencies in ChatGPT-
generated CEFR ratings in repeated evaluations,
suggesting that single-pass LLM assessments may
lack the reproducibility required for high-stakes ed-
ucational applications. Recent research on the
Ace-CEFR dataset (Kogan et al., 2025) provides
a thorough assessment, contrasting linear models,
BERT-based classifiers, and LLM-based method-
ologies. The results demonstrate that hybrid tech-
niques, which integrate BERT embeddings with
LLM scoring, can surpass the performance of in-
dividual human expert raters. Nevertheless, LLM
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inference is substantially slower than feature-based
or BERT-based classification, rendering it more
suitable for offline labeling; this efficiency trade-
off, coupled with the limited transparency of LLM-
internal reasoning, highlights the ongoing value of
interpretable feature-based approaches in educa-
tional contexts where pedagogical justification is
essential.

3. Text Difficulty Assessment
Workbench

In this section, we present the infrastructure de-
veloped, namely the tool for (semi-) automatically
creating a CEFR-aligned corpus, the CEFR-aligned
dataset that has been developed as a proof-of-
concept and the tools for text difficulty prediction.

3.1. CEFR-annotation tool

The annotation tool is a web-based platform de-
signed to support the full lifecycle of CEFR-aligned
corpus construction, from text ingestion and collab-
orative annotation to quality assurance and multi-
format export. The tool is built around a modular
architecture comprising several interconnected sub-
systems described below.

Text management and metadata annotation.
The tool provides a structured interface for creating,
editing, and managing textual entries. Each text
record stores the raw content alongside rich meta-
data including the assigned CEFR level (A1–C2),
genre classification, thematic domain, register, and
source attribution. Selected texts follow a status-
based workflow progressing through draft, pending
review, approved, and rejected stages, ensuring
that only quality-controlled entries enter the final
corpus. Upon ingestion, texts are automatically an-
alyzed to extract a comprehensive set of linguistic
features, including readability indices, lexical diver-
sity measures, and CEFR-aligned vocabulary pro-
files, which are stored as structured metadata for
downstream use in both rule-based and machine
learning pipelines.

Text segmentation. Approved texts exceeding
a minimum length can be split into smaller seg-
ments through a manual segmentation interface.
Segments are stored as child records linked to the
parent text, preserving the parent’s core metadata
while maintaining independent CEFR annotations
and segment ordering. This feature supports the
creation of discourse-level sub-corpora from longer
documents.

Activity creation and management. The tool
supports the creation of structured CEFR-leveled
language learning activities linked to annotated
texts.

Role-based access control and annotation
workflow. The tool implements a role-based per-
mission system with three user roles: administrator,
reviewer, and annotator. Administrators have full
system access including user management and
model training (see Section 4.2.2 ). Reviewers
manage the annotation workflow by assigning texts
to annotators, reviewing submitted assessments,
and setting final CEFR levels upon approval. An-
notators provide independent CEFR assessments
on assigned texts, with the system hiding existing
level assignments to prevent bias. This multi-stage
workflow — creation, assignment, independent as-
sessment, and expert review — is designed to pro-
duce reliable annotations suitable for supervised
learning.

Inter-annotator agreement. To assess anno-
tation reliability, the tool computes inter-annotator
agreement statistics. It employs Cohen’s Kappa
for pairwise comparisons and Fleiss’ Kappa when
three or more annotators assess the same text.
Weighted Kappa with linear weights is used to ac-
count for the ordinal nature of the CEFR scale.
Agreement scores are interpreted according to the
Landis and Koch scale and are displayed alongside
per-text annotation summaries, enabling reviewers
to identify texts with divergent assessments and
prioritize them for adjudication.

Statistics and analytics dashboard. A ded-
icated statistics dashboard provides aggregated
views of the corpus, including CEFR-level distribu-
tions for texts, words, and sentences; content distri-
butions by genre, topic, and register; quality metrics
per proficiency level (average word count, readabil-
ity scores, lexical diversity); inter-annotator agree-
ment summaries; and a confusion matrix compar-
ing predicted and final CEFR levels. Per-annotator
performance metrics are also available. All statis-
tics can be exported to a formatted Excel workbook.

Multi-format corpus export. Beyond ML-
oriented dataset generation, the tool supports cor-
pus export in multiple standard formats: JSON,
CSV, TSV, XML, RDF/OWL (using Dublin Core
metadata terms and a custom CEFR namespace),
formatted Excel workbooks, and the Universal-
CEFR (Imperial et al., 2025) JSON schema for in-
teroperability with shared CEFR datasets. Exports
can be filtered by CEFR level, annotation status,
genre, register, topic, and dataset split. Both full ex-
ports (including prediction metadata) and minimal
variants are available.

REST API and programmatic access. The tool
exposes a REST API for programmatic interaction.
Key endpoints include CEFR prediction (combining
rule-based and machine learning outputs with full
feature breakdowns), text and activity export with
filtering, and corpus statistics retrieval.
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3.2. CEFR-aligned dataset
For the purposes of the present study, a structured
and pedagogically oriented corpus of authentic writ-
ten texts was systematically compiled from a broad
spectrum of digital sources, including newspapers,
general-interest magazines, and electronic me-
dia outlets operating within the German-speaking
context (e.g., television networks providing written
news reports). The inclusion criteria were guided
by principles of authenticity, communicative rele-
vance, and representativeness of contemporary
language use. Only openly accessible sources
were considered.

In order to ensure alignment with standardized
language assessment practices and established
proficiency benchmarks, the corpus was supple-
mented with sample examination materials issued
by officially recognized certification bodies. These
included open access materials from the State Cer-
tificate of Language Proficiency in Greek (KPG),
as well as publicly available sample papers pro-
vided by the Goethe Institut and the Österreichis-
ches Sprachdiplom Deutsch (ÖSD) for proficiency
levels A–C. Furthermore, pedagogically graded re-
sources from the platform of Deutsche Welle were
systematically integrated, given their explicit align-
ment with proficiency descriptors and their didactic
scaffolding.

The classification and annotation of the texts
with respect to thematic domains and genre typol-
ogy were conducted in accordance with the profi-
ciency levels and thematic specifications defined
for each level (A1–C2) by the CEFR. The cate-
gorization process followed a level-sensitive and
descriptor-informed approach, ensuring coherence
between linguistic complexity, communicative func-
tion, textual genre, and thematic scope. The corpus
encompasses a diverse range of genres, includ-
ing advertisements, journalistic articles, blog posts,
and dialogic interactions, not only from examina-
tion material but also from online newspapers and
magazines. The thematic spectrum is correspond-
ingly broad, covering domains such as biographical
narratives, education, culture, and entertainment,
thereby facilitating exposure to varied discourse
types, registers, and communicative contexts. An-
notation was performed by two trained linguists
followed by a review/adjudication process. Pair-
wise inter-annotator agreement yielded a linearly
weighted Cohen’s κ of 0.75, indicating substantial
agreement on the Landis and Koch scale (Landis
and Koch, 1977).

Currently, the dataset comprises a set of CEFR-
aligned texts along with CEFR-leveled activities. In
specific, the dataset amounts to c.920 texts, 854K
tokens and 59K sentences. Each text in the cor-
pus is stored together with its raw textual content,
assigned CEFR level, a comprehensive set of lin-

guistic feature metadata, pre-computed syntactic
complexity measures, and a CEFR-aligned vocab-
ulary profile. In terms of size and depth of linguistic
annotation, the dataset represents one of the more
extensive manually curated CEFR-aligned German
resources currently available for research in auto-
mated text difficulty assessment.

The CEFR-labeled subset covers all six profi-
ciency levels (A1–C2). Although the number of
texts is distributed across levels, advanced stages
(C1 and C2) account for a substantial proportion of
the total word count, reflecting the greater length,
lexical density, and structural complexity charac-
teristic of higher-level materials. This distribution
supports the modeling of proficiency progression
from beginner to intermediate levels, provides a
rich representation of advanced syntactic phenom-
ena, and enables systematic analysis of confusion
patterns between adjacent CEFR levels. Table 1
gives an overview of the CEFR-aligned corpus.

CEFR TC AvgWC AvgR AvgLDiv AvgSL
A1 148 77.81 73.60 0.7804 7.71
A2 170 158.36 64.36 0.7463 9.79
B1 164 162.40 58.13 0.7617 11.89
B2 155 245.10 52.41 0.7359 14.44
C1 187 719.82 49.39 0.6169 17.25
C2 97 1061.45 43.92 0.5864 18.05

Table 1: Descriptive statistics per CEFR level for
the German corpus: Text Count (TC), Average
Word Count (AvgWC), Average Readability (AvgR;
Flesch Reading Ease, Amstad German adaptation),
Average Lexical Diversity (AvgLDiv; type–token ra-
tio), and Average Sentence Length (AvgSL, in to-
kens).

3.3. Word complexity lexicon

The lexical backbone of the system consists of a
structured resource centered on a comprehensive
German word list that depicts lexical complexity
in terms of CEFR levels. As a starting point, we
used officially published CEFR-aligned word lists
as seeds, ensuring reliable level assignments for
core vocabulary. These seed lists were imported
via the DWDS API1 This resource enables the com-
putation of CEFR-specific vocabulary distributions
within texts (A1–C2 percentages) as well as derived
indicators such as basic-to-advanced vocabulary
ratios.

Since official lists provide limited coverage
at higher proficiency levels, we implemented a
frequency-based expansion strategy using ap-
proximately 1.5M German lemmas derived from
the OpenSubtitles corpus (Lison and Tiedemann,

1https://www.dwds.de/d/api
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2016)2 ranked by frequency3. OpenSubtitles was
selected for its large scale and broad genre cover-
age; however, its conversational register may under-
represent academic and formal language typical
of higher CEFR levels. The resulting frequency-
based CEFR assignments should therefore be un-
derstood as corpus-derived approximations of pro-
ficiency level rather than pedagogically validated
CEFR annotations in the strict sense. The raw fre-
quency ranks were normalized to a 1–1000 scale
to ensure uniform comparability and computational
stability. We then partitioned the ranked vocabu-
lary into frequency bands aligned with CEFR lev-
els, assigning the 1–2,000 most frequent items
to A1, 2,000–5,000 to A2, 5,000–10,000 to B1,
10,000–20,000 to B2, 20,000–35,000 to C1, and
items beyond 35,000 to C2. This stratification re-
flects the well-established correlation between lex-
ical frequency, acquisition sequence, and profi-
ciency development, thereby providing a principled
mechanism for approximating CEFR levels for out-
of-list lexical items. While this mapping is heuristic
rather than prescriptive, it offers a scalable and
corpus-derived baseline that can be recalibrated
as additional CEFR-annotated data become avail-
able.

To incorporate morphosyntactic complexity be-
yond frequency, lexical entries are enriched with
information extracted from Wiktionary (Wiktionary
contributors, 2024), including irregular verb status,
separable verb properties, compound formation,
and international word marking. These annotations
capture structural properties associated with acqui-
sition difficulty in German and provide linguistically
interpretable signals for modeling. We note that the
effect of internationalisms on perceived difficulty is
L1-dependent: cognates may facilitate comprehen-
sion for learners with Romance L1 backgrounds
while offering less support to learners from typo-
logically distant language families. In the current
implementation, international word status is treated
as a uniform feature; future work could condition
its contribution on learner L1. The resulting vo-
cabulary resource directly feeds into the machine
learning pipeline.

4. Text difficulty assessment

4.1. Syntactic complexity modeling
All texts undergo automatic dependency parsing us-
ing spaCy (Honnibal et al., 2020) models, allowing
the extraction of measures of syntactic complexity
on a scale. Pre-computed features include subor-
dinate, relative, and infinitive clause ratios, passive

2http://www.opensubtitles.org/
3https://github.com/hermitdave/FrequencyWords

voice frequency, modal verb density, nominaliza-
tion ratio, clause embedding depth, average depen-
dency distance, and noun–verb ratio. These indica-
tors capture structural phenomena associated with
proficiency progression, particularly the increasing
use of clause embedding and nominal structures
at higher CEFR levels. Syntactic features are com-
puted once and stored in the database, ensuring
reproducibility and efficient retraining without re-
peated parsing. This pre-analysis design reduces
computational overhead during model experimenta-
tion and facilitates integration with both rule-based
and machine learning approaches. Together with
lexical and readability measures, the syntactic layer
provides complementary structural signals that im-
prove level discrimination, as shown in the confu-
sion analysis in Section 6.

4.2. Baseline and Machine Learning

4.2.1. Rule-Based Baseline

As a transparent and pedagogically interpretable
baseline, we developed a rule-based scoring sys-
tem that combines three independent prediction
components: (a) CEFR-aligned vocabulary distri-
bution analysis, (b) readability metric voting, and
(c) linguistic complexity scoring.

The vocabulary component computes the cu-
mulative CEFR level coverage for each text using
the lexical resource described in Section 3.3. After
lemmatization with spaCy and filtering of proper
nouns, each token is assigned to its CEFR level. A
text is assigned to a given level if the cumulative
percentage of words at or below that level exceeds
a threshold (e.g. ≥85% for A1, ≥80% for A2, de-
creasing to ≥65% for C1). Texts with more than
30% unknown vocabulary default to C2; this thresh-
old serves as a fallback for out-of-vocabulary texts.
In practice, unknown-word rates are much lower
across all levels, with C2 texts averaging 8.1% and
C1 texts 6.4%. Confidence is derived from the mar-
gin above the threshold, adjusted downward when
the unknown-word percentage is high.

The readability component employs weighted
voting across seven readability metrics: Wiener
Sachtextformel (weight 1.0), Flesch Reading Ease
in the Toni Amstad German adaptation (0.9),
Flesch–Kincaid Grade Level (0.7), Gunning Fog
Index (0.6), SMOG Index (0.6), Automated Read-
ability Index (0.65) and Coleman–Liau Index (0.65).
Each metric independently maps its score to a
CEFR level using predefined range tables. The fi-
nal readability prediction is determined by weighted
majority voting, with confidence modulated by a
spread factor that penalizes disagreement among
metrics.

The linguistic component computes a compos-
ite score (0–100) that aggregates four feature cate-
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gories: syntactic complexity (subordination depth,
mean dependency distance, clauses per sentence),
grammatical features (passive voice, subjunctive
mood, genitive case, complex tenses), lexical so-
phistication (type–token ratio, average frequency
rank, compound word ratio) and discourse markers
(proportion of advanced and sophisticated connec-
tives). The composite score is mapped to CEFR
levels using calibrated boundaries.

The three components are combined via
weighted index averaging. Default weights (vocab-
ulary: 0.30, readability: 0.40, linguistic: 0.30) are
dynamically adjusted based on vocabulary cover-
age quality and linguistic signal strength. Ensemble
confidence is boosted when components agree and
reduced when all three predict different levels, in
which case the median prediction is selected.

Calibration is data-driven: using the approved
subset of the corpus, the system extracts per-
level feature distributions and computes percentile-
based thresholds for syntactic features (e.g., mean
dependency distance boundaries at 2.5, 2.75, 3.09,
3.38 for the A1/A2 through C1 transitions). Com-
ponent weights are optimized based on individual
prediction accuracy on the calibration set, yield-
ing readability: 0.424, vocabulary: 0.31, linguistic:
0.266.

4.2.2. Feature-Based Machine Learning

Building on the linguistic features used in the rule-
based system, we train supervised classifiers using
an expanded feature set of 89 dimensions orga-
nized into seven categories: (1) basic text statistics,
(2) readability metrics, (3) CEFR vocabulary profile,
(4) derived vocabulary ratios, (5) morphosyntac-
tic features, (6) syntactic complexity, and (7) TF-
IDF features (see Appendix 11.1). All features are
standardized using z-score normalization fitted on
the training partition. We evaluate four classifiers:
Random Forest (RF), Gradient Boosting (GB), Sup-
port Vector Machine with RBF kernel (SVM), and
XGBoost. Class imbalance is addressed through
balanced class weighting for RF and SVM. Model
selection employs grid search with 3-fold stratified
cross-validation, optimizing for macro F1. Data are
split into training (70%), development (15%), and
test (15%) partitions with stratified sampling.

Four feature selection strategies are available:
importance-based filtering (retaining features with
Random Forest importance ≥ 0.01), correlation-
based filtering (removing features with Pearson r >
0.85), recursive feature elimination (RFE), and a
combined approach applying correlation filtering
followed by importance-based selection.

Model interpretability is supported through SHAP
(SHapley Additive exPlanations) analysis (Lund-
berg and Lee, 2017). For tree-based models, exact
SHAP values are computed via TreeExplainer;

for SVM, approximate values are obtained via Ker-
nelExplainer. The system provides global fea-
ture importance rankings, per-class feature contri-
butions, and local prediction explanations for indi-
vidual texts.

Evaluation metrics include accuracy, macro and
weighted F1 scores, per-class precision, recall, and
F1, and adjacent accuracy (predictions within ±1
CEFR level). Probability calibration is assessed
via Expected Calibration Error (ECE), Maximum
Calibration Error (MCE), and the multi-class Brier
score.

4.3. BERT modelling

We fine-tune a German BERT model
(deepset/gbert-base) (Chan et al., 2020)
for direct CEFR classification. The model consists
of 12 transformer layers with a hidden size of 768
dimensions. A classification head comprising
a dropout layer (p = 0.3) followed by a linear
projection (768 → 6) is added on top of the [CLS]
token representation.

Training uses the AdamW optimizer (Loshchilov
and Hutter, 2019) with a learning rate of 2× 10−5,
weight decay of 0.01, and a linear warmup schedule
(10% of total steps) followed by linear decay. Se-
quences are tokenized using WordPiece tokeniza-
tion and truncated or padded to a maximum length
of 512 tokens. Class imbalance is handled through
inverse-frequency weighting in the cross-entropy
loss, combined with label smoothing (ϵ = 0.1) to
mitigate overconfident predictions. Early stopping
monitors macro F1 on the validation set with a pa-
tience of 3 epochs.

Mixed-precision training (FP16) is enabled on
CUDA devices via PyTorch’s Automatic Mixed Pre-
cision, with gradient clipping at a maximum norm
of 1.0. The system automatically detects the avail-
able hardware, supporting NVIDIA GPUs (CUDA),
Apple Silicon (MPS), and CPU fallback. Four train-
ing presets are provided to accommodate differ-
ent computational budgets: a default configuration
(batch size 8, 10 epochs, learning rate 2× 10−5),
a fast preset (batch size 16, 5 epochs, max length
256), an accurate preset (batch size 4, 15 epochs,
learning rate 1×10−5, dropout 0.2, patience 5), and
a CPU-friendly preset (batch size 4, max length
256, no mixed precision).

Data partitioning follows the same stratified
70/15/15 split as the feature-based models, ensur-
ing comparable evaluation. At inference, the model
outputs a softmax probability distribution over all
six CEFR levels, enabling both point predictions
and uncertainty-aware decision-making.
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5. Results

We evaluated three modeling approaches on
the German CEFR dataset described in Section
3.2: the rule-based baseline, the best-performing
feature-based ML classifier, and the fine-tuned
BERT model. The rule-based and ML models
were assessed on the same held-out test partition
(n = 134), and the BERT model on a comparable
partition (n = 136), both using stratified sampling
to preserve class distribution.

5.1. Rule-Based Classification

The rule-based system combines three signal
sources through weighted voting: vocabulary pro-
file analysis (weight 0.30), readability metrics from
multiple formulas (weight 0.40), and linguistic fea-
ture analysis including syntactic complexity (weight
0.30). Weights are dynamically adjusted based
on input quality—for instance, vocabulary weight
increases when unknown-word percentage is low,
indicating good dictionary coverage.

Table 2 presents the per-class performance. The
system achieves an overall accuracy of 43.3% and
a macro F1 of 0.385. Adjacent accuracy reaches
88.1%, indicating that most errors involve neighbor-
ing levels rather than large classification jumps.

Level Precision Recall F1 Support
A1 0.833 0.526 0.645 19
A2 0.560 0.560 0.560 25
B1 0.439 0.720 0.545 25
B2 0.286 0.522 0.369 23
C1 0.286 0.143 0.190 28
C2 0.000 0.000 0.000 14
Macro 0.401 0.412 0.385 134

Table 2: Per-class performance of the rule-based
classifier on the test set (accuracy: 43.3%, adjacent
accuracy: 88.1%).

Performance is strongly skewed toward lower
proficiency levels: A1 achieves the highest preci-
sion (0.833) and a reasonable F1 (0.645), while
A2 and B1 reach F1 scores of 0.560 and 0.545
respectively. In contrast, the system struggles with
higher levels—B2 drops to 0.369, C1 to 0.190, and
C2 is never correctly predicted (F1 = 0.000). The
confusion matrix reveals the primary failure mode:
a systematic downward bias, where C1 texts are
most frequently misclassified as B2 (21 out of 28),
and all 14 C2 texts are assigned to levels B1–C1.
This pattern reflects the limitations of readability for-
mulas and vocabulary frequency analysis for distin-
guishing advanced proficiency levels, where textual
complexity manifests through discourse-level fea-
tures (argumentation structure, hedging, register)
rather than surface-level statistics. These results

establish a clear motivation for the machine learn-
ing approaches that follow: while the rule-based
system provides a functional baseline for lower lev-
els (A1–B1), it fails to discriminate among upper
levels (B2–C2), precisely the range where learner
placement decisions are most consequential.

5.2. Feature-Based Classification
We trained four classifiers using 3-fold stratified
cross-validation with grid search over hyperparam-
eter grids: Random Forest (RF), Gradient Boost-
ing (GB), Support Vector Machine (SVM), and XG-
Boost. Table 3 reports the cross-validation macro
F1 and test set macro F1 for each model.

Classifier CV F1 Test F1 Acc. Adj.Acc.
RF 0.602 0.597 0.612 0.955
GB 0.567 0.602 0.612 0.963
SVM 0.576 0.588 0.597 0.978
XGBoost 0.601 0.600 0.612 0.963

Table 3: Classifier selection via 3-fold stratified
cross-validation with grid search (macro F1). Ran-
dom Forest is selected based on highest CV macro
F1.

All four classifiers perform within a narrow range
(test macro F1: 0.588–0.602), with Random For-
est achieving the highest CV score (0.602) and
Gradient Boosting the highest test F1 (0.602).
Given this near-parity, we selected Random For-
est as the final model based on its best cross-
validation performance and its support for feature
importance analysis. Its best hyperparameters
are: max_depth=7, n_estimators=200, and
min_samples_split=2.

Table 4 summarizes the performance of the
feature-based classifier trained with 40 selected
features (including syntactic and TF-IDF compo-
nents). The model achieves an overall accuracy
of 61.2% and a macro F1 of 0.597. Notably, adja-
cent accuracy reaches 95.5%, indicating that the
vast majority of misclassifications involve adjacent
CEFR levels — a pattern consistent with the inher-
ent difficulty of fine-grained ordinal classification on
a six-level scale.

Level Precision Recall F1 Support
A1 0.722 0.684 0.703 19
A2 0.645 0.800 0.714 25
B1 0.579 0.440 0.500 25
B2 0.571 0.522 0.545 23
C1 0.606 0.714 0.656 28
C2 0.500 0.429 0.462 14
Macro 0.604 0.598 0.597 134

Table 4: Per-class performance of the feature-
based ML classifier on the test set (accuracy:
61.2%, adjacent accuracy: 95.5%).
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Performance is strongest at the lower end of
the scale: A2 achieves the highest F1 (0.714),
followed by A1 (0.703) and C1 (0.656), while C2
and B1 prove most challenging (F1 of 0.462 and
0.500, respectively). This pattern reflects the well-
documented difficulty of discriminating between ad-
jacent proficiency levels, where linguistic features
overlap substantially.

Calibration analysis reveals an Expected Cali-
bration Error (ECE) of 0.242 and a Brier score of
0.634. The model exhibits overconfidence: aver-
age confidence for incorrect predictions is 74.1%
compared to 81.0% for correct ones, with 91.5%
of errors made with confidence above 0.5. These
findings underscore the importance of calibration-
aware evaluation in educational applications where
prediction confidence informs downstream deci-
sions.

5.3. BERT-Based Classification
The fine-tuned German BERT model was trained
using the accurate preset (batch size 4, 15 epochs,
learning rate 1× 10−5, dropout 0.2). Training con-
verged at epoch 14 based on validation macro F1
(0.708). Table 5 presents the test set performance.

Level Precision Recall F1 Support
A1 0.800 0.909 0.851 22
A2 0.786 0.880 0.830 25
B1 0.636 0.583 0.609 24
B2 0.545 0.522 0.533 23
C1 0.600 0.556 0.577 27
C2 0.571 0.533 0.552 15
Macro 0.656 0.664 0.659 136

Table 5: Per-class performance of the fine-tuned
BERT model on the test set (accuracy: 66.9%, ad-
jacent accuracy: 95.6%). Rule-based and ML eval-
uated on n=134; BERT on n=136 due to different
stratified split.

The BERT model achieves an accuracy of 66.9%
and a macro F1 of 0.659, representing a relative
improvement of 10.4% over the feature-based clas-
sifier. Adjacent accuracy reaches 95.6%. The im-
provement is most pronounced for A1–A2 levels,
where BERT achieves F1 scores of 0.851 and 0.830
respectively. The B2 level proves most challenging
(F1 = 0.533), followed by C2 and C1. B2 occupies
a transitional zone between intermediate and ad-
vanced proficiency, sharing surface-level features
(sentence length, vocabulary breadth) with both B1
and C1, which makes categorical discrimination
particularly difficult.

6. Discussion

The progression from rule-based to BERT yields
consistent gains: accuracy improves from 43.3% to

61.2% to 66.9%, while macro F1 rises from 0.385
to 0.597 to 0.659. The most dramatic improve-
ment occurs in the upper CEFR levels where the
rule-based system fails entirely—the ML classifier
recovers C1 (F1 = 0.656) and C2 (F1 = 0.462),
while BERT achieves 0.577 and 0.552 respectively.
Table 6 summarizes the three approaches.

Metric Rule-Based ML (Feature) BERT
Accuracy 0.433 0.612 0.669
Macro F1 0.385 0.597 0.659
Weighted F1 0.401 0.605 0.663
Adjacent Acc. 0.881 0.955 0.956
Interpretability High Medium Low

Table 6: Comparison of the three modeling ap-
proaches on the held-out test split.

Confusion matrix analysis across all three mod-
els reveals a consistent pattern: misclassifications
concentrate along the diagonal, predominantly be-
tween adjacent levels. The B1–B2 boundary is
the most error-prone region, followed by C1–C2.
A1 texts are the most reliably classified across all
approaches, likely due to their distinctive short sen-
tence length, limited vocabulary, and low syntactic
complexity. The high adjacent accuracy across all
models (>88%) suggests that the six-level CEFR
scale introduces inherent ambiguity at level bound-
aries, and that the models capture the ordinal struc-
ture of the proficiency continuum even when exact-
level prediction fails.

The rule-based baseline, while the least accurate
as a standalone classifier, offers full transparency:
every prediction can be traced to specific vocab-
ulary thresholds, readability scores, and linguis-
tic indicators. This interpretability makes it suit-
able for the semi-automatic annotation workflow
described in Section 3.1, where human annotators
use the rule-based prediction as a starting point.
The feature-based ML classifiers provide a middle
ground, achieving competitive performance while
supporting SHAP-based post-hoc interpretability.
SHAP analysis of the Random Forest model re-
veals that word count, the first TF-IDF principal
component, and average sentence length are the
three most influential features globally. Notably, the
driving features shift across proficiency levels: at
lower levels (A1–A2), vocabulary profile features
(A1 vocabulary percentage, basic vocabulary ratio)
dominate, while at advanced levels (C1–C2), text
length and TF-IDF features become the primary dis-
criminators, reflecting the greater lexical and struc-
tural diversity characteristic of higher-proficiency
texts. BERT delivers the highest discriminative per-
formance but operates as a black-box model, with
prediction confidence as the primary transparency
mechanism.

It is worth noting that none of the three ap-
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proaches achieves particularly high exact-match ac-
curacy, which may appear surprising at first glance.
However, this outcome is entirely expected given
the nature of CEFR level assignment. Many texts
lie at the boundary between two adjacent levels,
and human annotators must make a categorical de-
cision where the underlying proficiency is continu-
ous. This annotation process inherently introduces
a degree of subjectivity: two expert annotators may
reasonably disagree on whether a text is B1 or B2,
for instance. The moderate exact-match accuracy
across all three methods directly reflects this inter-
annotator ambiguity in the training data. Crucially,
the consistently high adjacent accuracy (88.1% for
rule-based, 95.5% for ML, and 95.6% for BERT)
demonstrates that when the models err, they almost
always predict a neighboring level—mirroring the
same boundary uncertainty that human annotators
face.

Furthermore, the prediction confidence scores
provide additional diagnostic value: when a model
assigns a text to a given level with low confidence
and high probability mass on an adjacent level, this
signals that the text genuinely straddles two profi-
ciency levels, offering practitioners actionable infor-
mation beyond the categorical prediction alone.

7. Conclusion

We have presented a framework for CEFR-based
text difficulty prediction that combines a transparent
rule-based baseline, interpretable feature-based
ML classifiers, and a fine-tuned BERT model. Eval-
uated on a 920-text German corpus, the three
approaches yield progressively higher accuracy
(43.3%, 61.2%, 66.9%) while adjacent accuracy
exceeds 88% across all models, confirming that
errors predominantly involve neighbouring CEFR
levels. The B1–B2 boundary remains the most
challenging region even for BERT, reflecting inher-
ent ambiguity at mid-proficiency transitions. SHAP
analysis reveals that the dominant predictive fea-
tures shift from vocabulary profile at lower levels to
text length and TF-IDF components at advanced
levels, offering pedagogically interpretable insights
into what distinguishes proficiency stages. In its cur-
rent implementation, the framework handles Ger-
man, with its Greek counterpart under development.
The cross-linguistic extension will allow systematic
investigation of feature transferability across typo-
logically distinct languages.

Future work is planned in two directions: (a) final-
ising the Greek CEFR-aligned corpus and adapting
the classifier for Modern Greek, and (b) leveraging
LLMs for controlled text simplification, using the
calibrated difficulty predictions and feature-level in-
sights from the current framework as constraints to
guide generation toward target CEFR levels.

The corpus, the annotation tools, and the mod-
els will be freely available via a GitHub repository.
Moreover, the tool for automatic text difficulty pre-
diction will be available via a dedicated API.
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11. Appendix

11.1. The sets of features used in
Machine Learning

1. Basic text statistics (5 features): word count,
sentence count, average sentence length, lex-
ical diversity (type–token ratio), and Flesch
Reading Ease score.

2. Readability metrics (8 features): Wiener
Sachtextformel, Flesch–Kincaid Grade Level,
Gunning Fog, SMOG Index, ARI, Cole-
man–Liau, average syllables per word, and
average characters per word.

3. CEFR vocabulary profile (7 features): per-
centage of tokens at each CEFR level (A1–C2)
and percentage of unknown tokens.

4. Derived vocabulary ratios (3 features): basic
(A1+A2), intermediate (B1+B2), and advanced
(C1+C2) vocabulary proportions.

5. Morphosyntactic features (4 features): per-
centages of irregular verbs, separable verbs,
compound words, and international/borrowed
words, derived from the Wiktionary-enriched
lexicon.

6. Syntactic complexity (12 features): subordi-
nate, compound, relative, and infinitive clause
ratios; passive voice and modal verb ratios;
nominalization ratio; average and maximum
clause depth; mean dependency distance;
noun–verb ratio; and clauses per sentence.

7. TF-IDF features (50 features): unigram and
bigram TF-IDF vectors (max 500 terms, sublin-
ear TF scaling, minimum document frequency
of 2) reduced to 50 principal components via
PCA.

11.2. Confusion Matrices

A1 A2 B1 B2 C1 C2
A1 10 7 2 0 0 0
A2 2 14 6 0 3 0
B1 0 3 18 4 0 0
B2 0 1 10 12 0 0
C1 0 0 3 21 4 0
C2 0 0 2 5 7 0

Table 7: Confusion matrix for the rule-based classi-
fier. Rows represent true labels; columns represent
predicted labels. Note the strong downward bias:
21 of 28 C1 texts are misclassified as B2, and all
C2 texts are assigned to lower levels.

A1 A2 B1 B2 C1 C2
A1 13 6 0 0 0 0
A2 4 20 1 0 0 0
B1 1 4 11 8 1 0
B2 0 1 5 12 4 1
C1 0 0 2 1 20 5
C2 0 0 0 0 8 6

Table 8: Confusion matrix for the feature-based
ML classifier (Random Forest). Errors concentrate
along the diagonal; the B1 level shows the widest
spread, with 8 texts misclassified as B2 and 4 as
A2.

A1 A2 B1 B2 C1 C2
A1 20 1 1 0 0 0
A2 2 22 1 0 0 0
B1 3 4 14 3 0 0
B2 0 1 6 12 3 1
C1 0 0 0 7 15 5
C2 0 0 0 0 7 8

Table 9: Confusion matrix for the fine-tuned BERT
model. Tightest diagonal concentration among the
three approaches; the largest off-diagonal entries
are C1→B2 (7) and C2→C1 (7), both involving
adjacent levels.

https://en.wiktionary.org/
https://en.wiktionary.org/
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