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Abstract

We introduce the German Grammar Profile
(GGP), a system of 150 criterial grammat-
ical features designed to support pedagogi-
cally meaningful analysis of reading material
for learners of German as a second language.
Drawing on the functional grammar framework
of the Österreichisches Sprachdiplom (ÖSD),
the GGP defines grammatical constructions
across CEFR levels A1 to B2.

We also present the corresponding extraction
system Pedagogically Oriented Linguistic Fea-
ture Extraction (PALME, Pädagogisch Aus-
gerichtete Linguistische Merkmalsextraktion),
which automatically identifies a growing sub-
set of these features in authentic texts. PALME
combines standard Natural Language Process-
ing (NLP) tools with efficient finite state rule
based processing to annotate the criterial fea-
tures and is integrated into a web platform we
developed, where users can upload or gener-
ate texts and receive visual feedback on the
detected criterial grammatical features. Evalu-
ation of a growing subset of currently 33 fea-
tures shows high precision and recall of the
approach.

Ongoing work focuses on extending the cov-
erage to the full criterial feature set. By auto-
matically identifying the features for authentic
learner data, our approach will make it possible
to empirically validate the expert-defined fea-
tures of the ÖSD Profile Deutsch as the central
reference spelling out the CEFR for German.
In future work, we plan to extend our tool devel-
opment by integrating the approach with large
language models for level-aware text simplifi-
cation.

1 Introduction

For real-life foreign language teaching and learn-
ing – whether in language classrooms or language

testing – specific lexical and grammatical material
is relevant to support the acquisition of commu-
nicative functions and linguistic structures. The
functionally driven Common European Framework
of Reference for Languages (CEFR) (Council of
Europe, 2001) is widely recognized in Europe as
the standard for informing language pedagogy and
applied linguistics (Wisniewski et al., 2013; Yancey
et al., 2023; Ribeiro-Flucht et al., 2024). One of its
strengths is its language-agnostic design: instead
of relying on language-specific grammar or syn-
tax, the CEFR uses abstract “can-do” descriptors
to define abilities across six levels (A1–C2), which
enables its use across all European languages. How-
ever, the lack of detailed linguistic specifications
also poses challenges for practical implementation,
as the CEFR alone cannot fully support proficiency
assessment, readability analysis, or automated clas-
sification. Due to the lack of language-specific de-
scriptors, teachers and testing institutions need to
determine appropriate linguistic markers and align
them with grammar and vocabulary at each level.
The quality of available language input plays a piv-
otal role in Second Language Acquisition (SLA),
with reading being a crucial source of this input.
Effective reading materials are those that challenge
learners just beyond their current proficiency level,
a concept often referred to as the Zone of Proxi-
mal Development (Vygotsky, 2012) or i+1 input
(Krashen, 1985). To enhance motivation, materials
should also be engaging, personally relevant, and
aligned with learners’ current interests. Finding
such texts poses immense challenges to teachers,
especially when teaching heterogeneous groups, as
it is time consuming to find and label potentially
appropriate texts.

To address this, Automatic Readability Assess-
ment (ARA) aims to predict the readability of a
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text for a pre-defined target group and can sup-
port teachers in finding appropriate texts faster.
Different approaches to ARA have been imple-
mented in the past, including approaches based
on surface-based readability formulas (Collins-
Thompson, 2014; Kincaid et al., 1975; Björnsson,
1983), using neural networks (Weiss et al., 2021),
or using individual linguistic measures such as
word frequencies (Chen and Meurers, 2016). How-
ever, there is only little data available in languages
other than English, and only few studies have per-
formed ARA for German L2 data (for exceptions,
see Weiss et al., 2021; Weiss and Meurers, 2021,
2022). Given the nature of the available data, these
readability classifications do not correspond to the
commonly used CEFR levels, making them unsuit-
able for learning environments where teachers rely
on the CEFR scale for guidance.

This issue is further intensified by traditional
machine learning approaches, which often rely on
linguistic complexity measures derived from SLA
research. While these measures provide valuable
insights into the linguistic domains of the data, they
are not always intuitive for teachers or learners. For
instance, a measure might calculate the standard
deviation of SUBTLEX-DE Logarithmic Word Fre-
quency for lexical word types (Brysbaert et al.,
2011) - a highly interesting linguistic indicator, but
one that lacks accessibility. This lack of clarity
can make it challenging for teachers to understand
how an ARA algorithm categorizes texts into spe-
cific levels. Moreover, abstract or technical linguis-
tic measures provide limited practical support for
teachers in adapting or handling texts effectively
for language teaching purposes.

In recent years, the use of criterial features, i.e.
the identification of distinguishing properties at the
level of grammar and the lexicon based on CEFR’s
functional descriptors, has become more popular
(Gaillat et al., 2022; Hawkins and Buttery, 2010).
The descriptors used for the CEFR levels are usu-
ally formulated as “Can-Do statements” (e.g. “The
learner can understand the key concepts of a text.”)
which are not directly translatable to measurable
features.

Despite the growing interest in criterial features,
an important gap remains in the current research
landscape. For English, the best known resource
in this domain is the English Grammar Profile
(EGP) (O’Keeffe and Mark, 2022), however, no
comparable set of criterial features currently exists
for German. This makes it difficult for teachers and

assessment tools to link grammatical phenomena
to CEFR levels in a systematic and data-driven way.
Addressing this gap is essential for developing
ARA tools that are both theoretically grounded
and practically useful for German L2 education.

We present PALME, a web application
that automatically detects German criterial features
and allows teachers and students to quickly see
potentially difficult grammatical constructs in a
text. We furthermore present a German Grammar
Profile (GGP) including 150 criterial features
based on the CEFR descriptors and the funktionale
Grammatik (functional grammar framework) as
defined by the Österreichisches Sprachdiplom
Deutsch (ÖSD).

2 Related Work

2.1 Automatic Readability Assessment

Text readability refers to degree of ease with which
a text can be understood. The most direct, and
most used, approach for ARA is to assign a text
with a single readability score representing the
overall level of comprehensibility. Such scores
are so-called readability formulas, and typically
rely on easily computable surface-level textual
features, such as sentence length (measured in
number of words) or word length (measured in
number of syllables or number of characters)
(DuBay, William H., 2004). Readability formulas
such as the Flesch-Kincaid formula (Kincaid
et al., 1975) or the LIX index (Björnsson, 1983)
have been widely and successfully applied across
various domains (Vajjala, 2022) including the
assessment of legal texts (Han et al., 2024),
medical communication (Kiwanuka et al., 2017;
Paul et al., 2021), or to control automatically
generated or simplified texts (Marchisio et al.,
2019; Picton et al., 2025; Srinivasan et al., 2024).

Although reasonably accurate for many tasks,
readability formulas rely on surface level measures.
As a result, they fail to capture underlying
linguistic phenomenon and provide only limited
interpretability. Research has thus increasingly
shifted towards feature-based machine learning
approaches that extract (more or less extensive)
sets of linguistic complexity features (Feng et al.,
2009; Deutsch et al., 2020; Weiss, 2024). These
approaches enable a more nuanced modeling of
text difficulty by incorporating syntactic, lexical,
semantic, morphological, and discourse-level
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information. Certain machine learning approaches
such as Random Forests, Support Vector Machines
or LSTMs allow for more interpretability by pro-
viding insights into the importance of individual
features contributing to readability predictions.

This is especially useful for educational research
domains (Collins-Thompson, 2014), where
research often aim to understand proficiency devel-
opment or control for text readability for a certain
target group. ARA plays a crucial role in SLA, as
it supports educators in aligning instructional and
reading materials with learners’ proficiency levels.
By helping to match text complexity to learner
ability, ARA enables more targeted and effective
language instruction. A comprehensive literature
review by Weiss (2024) revealed, however, that the
majority of existing ARA research has focused on
L1 language acquisition and primarily on English
texts.

Nevertheless, there has been work on ARA
in SLA for different languages (Imperial, 2021;
Ribeiro et al., 2024; Uçar et al., 2024) and target
groups (Feng et al., 2009; Abedi et al., 2012).
For example, Weiss et al. (2021) established a
multi-level readability algorithm for German L2
that classifies texts for beginner, intermediate an
advances learners for German based on linguistic
complexity. Moreover, as highlighted by Weiss
(2024), most existing ARA research has focused
on modeling the readability of entire texts. More
recent work had explored sentence-level readability
prediction for a more granular perspective (Štajner
et al., 2017; Weiss and Meurers, 2022).

Yet, readability is not a property of a text
alone. It results from the interaction of text,
reading goals and reader characteristics such as
prior knowledge, interests and also task context
(Collins-Thompson, 2014; Vajjala, 2022; Valencia
et al., 2014).

As it is not possible to account for all possible
reader characteristics, we propose a shift in
focus: rather than classifying texts or sentences
by overall difficulty, we introduce a tool that
highlights grammatical constructs along with their
corresponding CEFR levels. By refraining from
assigning readability scores and instead visually
identifying potentially challenging linguistic
constructs, we aim to support teachers to quickly
evaluate whether a text is suitable for their specific
teaching goals. This also allows teachers to decide
whether targeted adaptations of text segments are

needed.

2.2 Criterial Features

In response to the challenges associated with in-
terpreting linguistic complexity, particularly its
limited pedagogical specificity and lack of trans-
parency in assessment settings, recent research
has increasingly turned to criterial features as a
more concrete, developmentally informed alterna-
tive (Salamoura and Saville, 2010; Hawkins and
Filipović, 2012; Gaillat et al., 2022). These fea-
tures refer to linguistic properties that are reliably
acquired at specific stages of second language de-
velopment and can thus serve as indicators of pro-
ficiency (Hawkins and Buttery, 2010). Criterial
features are typically aligned with the CEFR. Al-
though the CEFR descriptors provide general guid-
ance for assessment, due to the language-agnostic
properties of the CEFR, the descriptors are often
underspecified in terms of the actual linguistic fea-
tures that distinguish levels. Nevertheless, exam-
iners tend to show high agreement in their level
judgments (De Clercq et al., 2014). This implies
that there must be underlying linguistic regularities
that guide their decisions, even if these are not ex-
plicitly formulated in the CEFR itself. The goal of
criterial feature research is therefore to identify the
linguistic cues that examiners implicitly respond to,
and to formalize these as part of a more systematic,
data-informed approach to L2 proficiency.

Importantly, criterial features are not about lin-
guistic complexity or difficulty per se, but about
when certain linguistic forms emerge in the learn-
ing process (Bulté et al., 2025). A structure’s pres-
ence at a particular level does not mean it is inher-
ently more complex or more difficult. It simply
means it tends to appear at that point in a typical
learner’s developmental trajectory. As Bulté et al.
(2025) put it, “difficulty can be the cause for a cer-
tain developmental order (and this order may be
taken as evidence for the construct’s difficulty)”,
but this is not necessarily the case. A structure
might not appear earlier because it wasn’t needed
in relevant genres or communicative situations, or
because it wasn’t taught or noticed.

The EGP offers a well-established resource of
criterial features for English (O’Keeffe and Mark,
2022), expanding on CEFR descriptors by map-
ping them onto fine-grained grammatical structures.
These descriptors are not only measurable and in-
terpretable but also highly suitable for classroom
use and automated assessment.
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Unfortunately, for L2 German and to the best
of our knowledge, no equivalent resource exists
to date. While learner corpora offer valuable data,
only the MERLIN corpus (Wisniewski et al., 2013)
explicitly links learner texts to CEFR levels. A
practitioner-oriented tool such as Profile Deutsch
(Glaboniat, 2010) also attempts to associate gram-
matical phenomena with CEFR levels, but its cat-
egories are based on expert consensus rather than
empirical learner language. As Wisniewski (2020)
notes, this reflects a major gap in the availability of
criterial feature resources for German, especially
for educational applications. With the present re-
search, we aim to close this gap by formulating 150
criterial features for German as well as building a
web application that can automatically detect those
features.

2.3 Related Systems

Several existing systems share similarities with our
approach to automatic grammatical feature extrac-
tion and annotation. The POLKE system (Pedagog-
ically Oriented extraction of Linguistic Knowledge,
Sagirov and Chen (2025)), for example, extracts
over 600 measures from the EGP using a compara-
ble framework including Java and RUTA1 prepro-
cessing. POLKE’s primary focus is the large-scale
implementation and evaluation of EGP-based mea-
sures. For Portuguese, the SABER system offers a
related approach to grammatical feature extraction
(Sistema de Análise e Busca de Estruturas Rele-
vantes, Akef et al. (2025)).

Highlighting linguistic constructions for learner
noticing is a well-established concept. ICALL sys-
tems such as VIEW and WERTi provide input en-
hancement techniques on websites by visually em-
phasizing selected linguistic features to increase
learner awareness (Meurers et al., 2010). While
their primary focus is on language acquisition, the
underlying idea aligns with our goal of making
grammatical constructions salient.

Additionally, the FLAIR system (Form-Focused
Linguistically Aware Information Retrieval; Chink-
ina et al. (2016)) demonstrates the value of inte-
grating grammar knowledge into information re-
trieval. FLAIR incorporates grammatical patterns
derived from an official English L2 curriculum into
a content-based search engine, enhancing retrieval
by linguistic criteria.

Together, these systems illustrate the relevance

1https://uima.apache.org/ruta.html

and growing interest in grammar-informed linguis-
tic analysis and learner support, contextualizing
our work within a broader landscape.

3 The German Grammar Profile

Building on the methodology of the EGP, we
manually formulated 150 criterial grammatical
features for German, which we refer to as the GGP,
examples for the different levels can be seen in
Table 1, the original German version can be see in
the appendix in Table 2.

Unlike the EGP, which is built in a bottom-up,
data-driven way, the GGP follows a top-down
approach. Our starting point is the functional
grammar framework provided by the ÖSD, which
organizes grammatical phenomena according to
communicative intentions, relations, and textual
elements2. This structure identifies which gram-
matical forms are expected to occur at which CEFR
levels, supplemented with descriptive explanations
and illustrative examples. Our criterial features are
systematically derived from this framework and
have been evaluated and ranked by two experts
from the ÖSD testing institute for pedagogical
relevance and CEFR alignment, currently covering
levels A1 to B2. The process was as follows.

To move from descriptive grammar to opera-
tionalization, we developed a structured feature
schema inspired by the EGP: Each feature is
assigned a supercategory, subcategory, guiding
keywords (e.g., Verbs or Pronouns as supercate-
gory, Inflection or Modal verb as subcategory, Past
Perfect or Accusative as keywords), and example
sentences. Every grammatical construct fund
in the functional grammar framework resulted
in one or several criterial features. Example
features can be seen in Table 1. This categorization
supports a consistent and interpretable annotation
process. The super- and subcategories capture
broader grammatical domains and their functional
subtypes, while the guiding keywords help to
highlight the kinds of linguistic cues that are
typically associated with each feature, such as
part-of-speech tags, morphological features (e.g.
case, tense, mood) and syntactic dependencies. By
aligning the conceptual categories with observable
patterns, the GGP provides a bridge between
pedagogically motivated descriptors and detectable
linguistic structures.

2https://www.osd.gr/de/das-osd-prufungssystem/
profile-deutsch/ziele-komponenten.html

215

https://www.osd.gr/de/das-osd-prufungssystem/profile-deutsch/ziele-komponenten.html
https://www.osd.gr/de/das-osd-prufungssystem/profile-deutsch/ziele-komponenten.html


SuperCat. SubCat. Level Guideword Example
Main Clause Interrogative A1 Yes/No questions Are you tired?
Negation Negation A1 „no“ + nominative That is not a nice house.
Clause Subordinate Clause A2 „so“ I’m saving money so I can buy a car.
Verbs Inflection A2 Past Perfect He had brought cake.
Pronoun Relative Pronoun B1 „what“, „where“ This is the city where we met.
Noun Inflection B1 Genitive That’s my father’s car.
Verbs Conjugation B2 Conditional 1 If he comes later, we will talk.
Clause Main Clause B2 Desiderative If only I had known!

Table 1: Translated example grammatical features from the GGP across CEFR levels.

Table 3 in the appendix gives a detailed
overview of the distribution of features within
the GGP by supercategory and subcategory.
For instance, the GGP contains 43 verb-related
features, including inflectional paradigms and
modal verbs, 21 pronoun-related features covering
personal, possessive, relative, and demonstrative
pronouns, 19 adjective-related features and 12
features related to sentence structures. Other
grammatical domains such as negation, connectors,
prepositions, articles, nouns, and adjectives are
also systematically represented. This structured
categorization supports comprehensive coverage of
grammatical phenomena across proficiency levels
and facilitates targeted automatic detection. The
strong focus on verb and tense related features
is interesting to note. Previous research on ARA
for German as second language using linguistic
difficulty measures found that morphological
features, which include tense, seem not to be
particularly informative for machine learning
models (Weiss et al., 2021).

This contrast is particularly interesting, as it
illustrates a top-down, tester-centered approach
that prioritizes pedagogical relevance over purely
data-driven predictive use. Future research will
need to explore these discrepancies in more
depth, particularly how criterial features relate
to linguistic complexity, and where pedagogical
expertise and empirical model evidence converge
or diverge. Understanding this relationship more
precisely is essential for advancing both test design
and automatic assessment.

In a later step, we will compare this expert-
defined inventory with actual learner data to assess
which constructs occur productively in learner
language, and which remain rare or are avoided.
This comparison will allow us to refine the GGP

and better align pedagogical expectations with
empirical usage.

4 PALME System Description

We follow the approach implemented by Sagirov
and Chen (2025) to process learner texts. As shown
in the flowchart (Figure 1), a text input is received
via an HTTPS request and first preprocessed us-
ing standard Java NLP tools: OpenNLP (v2.2)3

for tokenization and sentence segmentation, Mate
Tools (v2.2)4 for lemmatization and morphological
feature annotation, and Stanford NLP-GPL (v2.2)5

for dependency parsing and Named Entity Recog-
nition.

Figure 1: Overview of PALME pipeline and data flow

The GGP is integrated into a prototype web plat-
form that allows users to analyze their own texts
or generate new ones via a large language model.
We built the web platform with the open-source
Python framework Streamlit7. All texts are pro-
cessed through our pipeline and annotated with

3https://opennlp.apache.org/news/release-220.
html

4https://www.ims.uni-stuttgart.de/forschung/
ressourcen/werkzeuge/matetools/

5https://universaldependencies.org/treebanks/
de_gsd/index.html

7https://streamlit.io/
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grammatical constructions relevant for learner lan-
guage.

These annotations provide the linguistic infor-
mation required for the next step, where the text
is annotated with detailed grammatical construc-
tion using RUTA, a rule-based language for text
annotation. This process also uses specialized word
lists based on resources provided by the ÖSD. We
focused on the most important 70 features based
on our expert rating and implemented those in
PALME. The system currently covers 16 features
at A1, 24 at A2, 17 at B1, and 13 at B2.

The extraction system is accessible via an API
and integrated into a prototype web platform,
shown in Figure 2. The platform offers a user-
friendly, interactive environment where users can
analyze their own texts by typing or pasting them
into a text field. In addition to analyzing user-
provided texts, the platform allows users to gen-
erate new learner-relevant texts on demand. By
entering a prompt in a separate text field, users can
request text generation via the integrated Gemini
API. We decided to use the Gemini API due to its
ease of use in this context. The generated texts are
automatically analyzed by PALME, providing the
same detailed feedback on grammatical features.
Once submitted, these texts are automatically pro-
cessed by PALME, which returns detailed annota-
tions of grammatical constructions corresponding
to criterial features in JSON format. Since raw
JSON output is not easy to interpret, we devel-
oped a clear visualization that highlights annotated

constructions in different colors according to their
proficiency levels. A legend was added to the vi-
sualization, showing the corresponding construct
ID. Currently, the visualization references only the
construct ID, but we plan to include the supercate-
gory in future versions to help users quickly under-
stand the type of linguistic phenomenon annotated.
This visual feedback allows teachers and students
to quickly identify parts of a text that may be too
difficult or too easy so that texts can be adapted
easily.

5 Evaluation

Our extraction system shows promising results. Of
the currently 70 implemented features, a subset of
33 randomly selected features was evaluated for
precision and recall to establish PALME’s algorith-
mic reliability. Of these 33 evaluated features, four
at A1 level, ten at A2, 121 at B1 and seven at B2
level. We found a mean precision of 0.92 and a
mean recall of 0.82, showing that the system can
reliably extract criterial features.
To evaluate the system, we follow a typical strategy
based on standard classification metrics. Precision
measures the proportion of correctly identified in-
stances among all extractions made by the tool,
while recall assess the proportion of successfully
detected instances among all instances to be ex-
tracted.

Figure 2: PALME platform interface showing user text input and results from Gemini API. The text on the left is a
snippet of a text from the youth magazine das Biber6, both text are about an annual fair about contemporary art in
Vienna, the Viennafair.
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A practical limitation in the evaluation stems
from the lack of sufficiently large, CEFR-aligned
corpora of German reading material. While learner
corpora such as MERLIN provide CEFR annota-
tions, it consists of learner-produced texts and is
thus not ideal for evaluating the system’s ability
to handle reading input. As a result, we based our
evaluation on texts from Spotlight8, a magazine that
publishes graded articles at the levels "Beginner",
"Intermediate", and "Advanced", which approxi-
mately correspond to A2, B1, and B2/C1 respec-
tively. Although these categories do not perfectly
align with CEFR level definitions, they provided
a workable approximation in the absence of more
suitable corpora. We manually annotated all in-
stances of the 33 evaluated criterial features in this
material and matched them to the automatically ex-
tracted instances. To ensure sufficient coverage for
recall evaluation, we also constructed additional
example sentences containing the relevant features.

For precision, the extractor was applied to nine
texts from the Spotlight corpus, which contains
CEFR-labeled reading materials. These texts were
evenly distributed across three proficiency levels:
A2, B1, and B2/C1 (three texts per level). Figure 3
presents the number of extracted features per CEFR
level, alongside the total word count per group. As
expected, the number of higher-level constructs
(notably B1 and B2) increased with text level, and
no B2 constructs were found in A2-level texts.

Figure 3: Distribution of occurrences of the 33 imple-
mented criterial feature across CEFR levels

In total, 448 annotations were extracted, of
which 416 were correct, resulting in an overall
precision of 0.92. Among the 32 incorrect anno-
tations, 28 were attributable to errors in external
taggers, while four stemmed from limitations
of our RUTA rules. These tagging issues have

8https://www.spotlight-verlag.de

since been addressed in a revised preprocessing
pipeline. Recall was evaluated separately using
a controlled set of ten example sentences per
feature, in addition to the examples provided in the
Grammar Profile. The extractor was applied to
this dataset, and recall per feature was calculated
based on the proportion of successful detections.
All tested features were identified at least four
times, indicating robust detection capabilities
under ideal conditions. 22 constructs achieved
perfect precision. Conversely, a small number of
constructs showed lower precision, often due to
isolated tagging errors.

Together, these results support the reliability of
our extraction method and provide an initial empir-
ical validation of the developmental relevance of
our feature set.

Moving forward, we plan to expand eval-
uation efforts using the MERLIN corpus, which
consists of CEFR-annotated learner texts. This
will not only verify the technical accuracy of
our system but also serve a theoretical purpose:
by analyzing the occurrence patterns of criterial
features across proficiency levels in authentic
learner writing, we aim to empirically assess the
alignment of our expert-defined GGP with actual
learner language development.

6 Outlook

Future work will focus on expanding and refining
the system along several dimensions. We plan to
implement the full set of 150 criterial features and
extend the evaluation to include precision, recall
and learner-level agreement for all features. In addi-
tion, we aim to conduct a more detailed analysis of
when and how specific grammatical constructions
occur in learner texts, based on corpus evidence.

We also aim to explore how traditional NLP com-
ponents can be integrated into workflows based on
large language models (LLMs) to support more
informed and effective simplification. A central
question will be whether LLMs can produce bet-
ter, more pedagogically appropriate simplifications
when guided by explicit linguistic information.
This hybrid approach offers a promising path to-
ward combining the strengths of rule-based anal-
ysis and generative flexibility in learner-oriented
text generation.

Another important avenue for future research
is to investigate the applicability of the system to
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learner language, which often includes ill-formed
structures. As the current design is based on well-
formed input, evaluating its robustness on learner-
produced texts will be crucial.

7 Conclusion

We presented the GGP, a system of 150 criterial
grammatical features designed to support pedagog-
ical applications in language learning. The GGP
is grounded in the functional grammar framework
of the ÖSD and systematically adapted to allow
for automatic detection in learner-relevant texts. A
subset of 70 features, rated as most relevant by
experts, has been implemented in our extraction
system PALME, which is accessible via an API
and integrated into a web-based prototype. The
platform allows users to analyze their own texts or
generate new ones with a language model via text
input fields, providing detailed visual feedback on
grammatical constructions across CEFR levels A1
to B2.

The automatic extraction pipeline uses estab-
lished Java NLP tools and uses a combination of
morphological, syntactic, and lexical information
to detect relevant criterial features from the GGP.
Evaluation of a randomly selected subset of 33 im-
plemented constructs showed high precision and
promising recall, supporting the technical validity
of the approach.

While the system remains under development,
it already provides a practical tool for grammar-
aware text analysis. Future work will expand the
feature inventory and evaluate feature distribution
in larger learner corpora. We also plan to explore
whether integration with LLMs can support more
targeted text simplification, using the GGP as a
guiding framework. In this way, the system aims to
contribute to both research and pedagogical prac-
tice in the field of learner-oriented grammar profil-
ing.

Limitations

The PALME website currently is a prototype with
several limitations. While we have defined 150 cri-
terial features, currently 70 are fully implemented
in the extraction system, of which 33 have under-
gone precision and recall evaluation. The GGP cur-
rently also primarily reflects expert judgment and
curricular expectations rather than observed learner
production. A systematic learner corpus analysis is
envisaged to validate and refine the feature set in

future work. Moreover, the rule-based approach is
ideal for standard language, but its applicability to
learner language may be limited. Future research
should explore alternative approaches for such con-
texts.
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SupKat. SubKat. Level Leitword Beispiel
Hauptsatz Fragesatz A1 Ja/Nein-Frage Sind Sie müde?
Negation Negation A1 „kein“ + Nominativ Das ist kein schönes Haus.
Satz Nebensatz A2 damit Ich spare Geld, damit ich ein Auto kaufen kann.
Verben Konjugation A2 Perfekt Er hat mir den Kuchen gebracht.
Pronomen Relativpron. B1 „was“, „wo“ Das ist die Stadt, wo wir uns getroffen haben.
Substantiv Deklination B1 Genitiv Das ist der Wagen meines Vaters.
Verben Konjugation B2 Konjunktiv 1 Er sagte, er komme später.
Satz Hauptsatz B2 Desiderativsatz Wenn ich das gewusst hätte!

Table 2: Original example grammatical features from the GGP across CEFR levels.
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SuperCategory No. Constructs SubCategory No. Constructs
Verbs 43 Inflection 23

Separating verbs 10
"to have"/ "to be" 4
Modal verbs 2
Conjugation 2
Imperative 1
Valence 1

Pronouns 21 Relative pronouns 6
Inflection 3
Demonstrative pronouns 3
Indefinite pronouns 3
Interrogative pronouns 2
Personal pronouns 2
Impersonal pronoun ("es") 1
Possessive pronouns 1

Adjectives 19 Inflection 12
Comparison 4
Adverbial 2
Predicative 1

Clauses 18 Subordinate clauses 9
Main clauses 3
Comparative clauses 2
Interrogative clauses 2
Others 2

Articles 13 Demonstrative articles 3
Other indefinite articles (e.g. "manche") 3
Definite articles 2
Indefinite articles (e.g. "ein") 2
Inflection 2
Interrogative articles 1

Connectors 12 Connecting adverbs 5
Conjunctions 4
Subjunctions 3

Prepositions 9 Other 4
Temporal 3
Local 1
Changing 1

Nouns 7 Inflection 7
Main clauses 4 Interrogative clauses 2

Imperative clauses 1
Negated clauses 1

Negation 2
Possessive article 2

Table 3: Overview GGP features by categories.
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