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Abstract

This paper presents an empirical evaluation of
the German Grammar Profile (GGP), a CEFR-
aligned resource of criterial features, and its
corresponding extraction system PALME.

We design a systematic test suite in which each
feature extractor is evaluated on controlled pos-
itive and negative examples. The results show
that PALME achieves high precision and recall
across all CEFR levels, with over 90% of fea-
tures achieving scores above 0.8. Qualitative
analysis shows that lower performance primar-
ily results from morphological ambiguity in
noun and adjective case marking.

To evaluate the usefulness of the criterial fea-
tures of the GGP for CEFR-aligned readability
assessment, we assess their predictive power us-
ing Explainable Boosting Machines on graded
readers. The model achieves strong perfor-
mance (precision: 0.75, recall: 0.73). Our qual-
itative analysis shows that features related to
specific verb constructions follow patterns con-
sistent with developmental stages predicted by
Processability Theory. These findings under-
line the value and relevance of criterial features
for modeling language development in read-
ability assessment.

1 Introduction

The quality of available language input plays an im-
portant role in second language acquisition (SLA),
with reading serving as a crucial source of input.
Automatic Readability Assessment (ARA) aims to
predict the readability of a text and can support
teachers in selecting appropriate texts more effi-
ciently. Different approaches to ARA have been im-
plemented in the past, including approaches based
on surface-based readability formulas (Collins-
Thompson, 2014), or using machine learning meth-
ods based on aggregated language characteristics
(Weiss and Meurers, 2021; Vázquez-Ingelmo et al.,
2026). These approaches typically assign a level to

an entire text, allowing for a holistic view of read-
ability. However, while such methods often achieve
strong predictive performance, they offer limited
insight into the specific language constructions in
a text that contribute to its difficulty. This limita-
tion is particularly relevant in language education,
where on the one hand input needs to be compre-
hensible to be effective, but it should also system-
atically offer developmentally proximal language
structures, as pointed out by SLA approaches since
the i+1 Input Hypothesis of Krashen (1985) and
Pienemann’s Teachability Hypothesis (Pienemann,
1989, 2015).

Criterial features (CFs; Hawkins and Buttery,
2010; Hawkins and Filipović, 2012) have been
proposed as more linguistically and pedagogically
grounded measures for proficiency and ARA. They
play a central role in operationalizing the Common
European Framework of Reference for Languages
(CEFR; Council of Europe, 2020). As CEFR
descriptors define purely communicative compe-
tences in the form of language-agnostic Can-Do
statements, they deliberately refrain from specify-
ing concrete linguistic realizations. Reference level
descriptors aim to capture links between linguistic
properties of texts or learner production and CEFR
levels, and CFs are linguistic properties that are
characteristic of specific stages of proficiency. CFs
can thus be understood as an attempt to characterize
the communicative purposes of CEFR descriptors
linguistically, making them measurable and analyz-
able using computational linguistic methods.

For English, the English Grammar Profile (EGP,
O’Keeffe and Mark, 2017) offers a resource of
CFs that link linguistic aspects to CEFR levels.
The EGP has been used as starting point to build
computer-based systems to automatically extract
those features (Sagirov and Chen, 2025). For Ger-
man, comparable resources such as the German
Grammar Profile (GGP) and the corresponding ex-
traction system PALME exist, but they have not yet
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been systematically evaluated or empirically vali-
dated (Löfflad et al., 2025). However, the lack of
systematic evaluation leaves open questions about
both the reliability of feature extraction and the
validity of the underlying features. This raises two
key questions: How can such systems be evaluated,
and how can the underlying features be validated?

In this paper, we address these gaps by proposing
(i) systematic methods for evaluating and validat-
ing CF-based system from both technological and
pedagogical perspectives, (ii) a dedicated resource
for evaluating German CF extraction systems, in-
cluding potential applications for Large Language
Models (LLMs), and (iii) a contribution to the theo-
retical understanding of CFs through a comparison
with developmental trajectories (Pienemann, 1998).
More broadly, we aim to provide a framework that
can be transferred to other languages, supporting
the extension of CEFR- and CF-related resources.

We investigate the computational operationaliz-
ability and empirical validity of CFs as indicators
of CEFR readability in German graded readers and
ask two research questions:

RQ1 How can criterial features reliably be opera-
tionalized and automatically extracted?

RQ2 To what extend do automatically detected cri-
terial features predict CEFR levels and link to
developmental trajectories?

To address the first question, we construct a sys-
tematic test suite of example sentences to evaluate
the automatic extraction system PALME. For the
second question, we use PALME to extract all 153
CFs in the GGP from a graded reader corpus and
train an Explainable Boosting Machine (EBM) to
predict readability levels. The EBM further en-
ables us to analyze developmental trajectories and
examine how CFs evolve across readability levels.

2 Background

2.1 Criterial Features and Developmental
Trajectories

Criterial features reflect linguistic properties that
are reliably acquired at specific stages of second
language development and can thus serve as indi-
cators of proficiency (Hawkins and Buttery, 2010)
and are typically aligned with the CEFR. Recent
research has increasingly turned to criterial fea-
tures as a concrete, developmentally informed and
transparent possibility to measure linguistic phe-
nomena (Salamoura and Saville, 2010; Hawkins

and Filipović, 2012; Gaillat et al., 2022). The goal
of criterial feature research is to identify the lin-
guistic phenomenons that formalize underspecified
descriptors as part of a more systematic resource.

Developmental trajectories (also stages or
themed sequences) assume that certain grammati-
cal aspects are acquired in predictable sequences.
One influential theoretical framework, the Process-
ability Theory (PT), proposes that the acquisition
of grammatical structures follows a hierarchical or-
der (Pienemann, 1998). Although criterial feature
research aims to capture developmental trajectories,
the relationship between trajectories and CEFR de-
scriptors is still under-researched. Previous stud-
ies have analyzed the acquisition trajectories of
individual grammatical constructs in detail (e.g.,
Wisniewski, 2020). Importantly, developmental tra-
jectories are primarily based on learner language
production. Nevertheless, they should also be ex-
amined in reading input such as graded reading ma-
terials, which are designed to slightly exceed the
learner’s current competence (i+1, Krashen, 1985).
Since graded readers are pedagogically designed
to align with learner proficiency levels, the distri-
bution of criterial features in such texts should, in
principle, reflect the developmental stages associ-
ated with those levels.

The EGP offers a well-established resource of
criterial features for English (O’Keeffe and Mark,
2017), expanding on CEFR descriptors by map-
ping them onto fine-grained grammatical struc-
tures. There is work for other languages to de-
velop reference level descriptors (Mohamed, 2023;
Cuberos Vicente and De Cock, 2023), however,
the EGP is a unique resource of language-specific
grammatical features. Nevertheless, a similar yet
smaller resource for German was developed by
Löfflad et al. (2025) as described in the following.

2.2 The German Grammar Profile
The GGP (Löfflad et al., 2025) is a resource of
German criterial features developed on the basis of
the English Grammar Profile (EGP, O’Keeffe and
Mark, 2017) and the Profile Deutsch (Glaboniat,
2010), a functional grammar for German as a sec-
ond language learners and teachers. Following a
theory-driven approach, the GGP defines a set of
153 criterial features mapped to CEFR levels based
on the functional grammar provided by Glaboniat
(2010), and not derived from corpus data (exam-
ple features can be seen in Appendix A). Of these
153 features, 47 are assigned to level A1, 49 to
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level A2, 35 to level B1, and 22 to level B2. The
distribution of features across levels is somewhat
imbalanced. This is partly due to fewer new gram-
matical features being introduced at higher levels
and partly because higher level features tend to be
usage-based, which is not in the scope of the GGP.
Nevertheless, this can impact subsequent data anal-
yses, as A level features might be more prominent.

Moreover, the theory-driven approach used to
create the GGP, in contrast to the data-driven ap-
proach used in the development of the EGP, may
lead to mismatches between the levels assigned in
the GGP and the levels observed in graded read-
ers or learner data. Such mismatches are plausible
given that previous research on the EGP has already
found limited agreement between statistically de-
rived feature mappings and the mappings proposed
by the EGP (Verratti-Souto et al., 2025).

2.3 The PALME System
To automatically extract the measures defined in the
GGP, Löfflad et al. (2025) developed the PALME
system, the Pedagogically Oriented Linguistic Fea-
ture Extraction (Pädagogisch Ausgerichtete Lin-
guistische Merkmalsextraktion). PALME relies on
rule-based NLP components. While designing such
components is labor-intensive, it offers advantages
in comparison to Generative AI in terms of relia-
bility and transparency. Once the system has been
systematically tested, its behavior is predictable
and performance does not depend on changes in
black-box AI models.

The system is related to other approaches sup-
porting automatic grammatical feature extraction
and annotation. The POLKE system (Pedagogi-
cally Oriented Language Knowledge Extractor, Sa-
girov and Chen, 2025), for example, extracts more
than 600 measures from the EGP using a com-
parable rule-based framework that includes Java
and RUTA-based preprocessing. POLKE primarily
focuses on the large-scale implementation and eval-
uation of EGP-based measures. For Portuguese,
the SABER system (Sistema de Análise e Busca de
Estruturas Relevantes, Akef et al., 2025) provides a
related approach to grammatical feature extraction.

2.4 Test Suite vs. Corpus-Based Evaluation
Test suite-based evaluations inherently differ from
corpus-based evaluations: While corpus-based
evaluations assess systems on naturally occur-
ring language data, test suites consist of carefully
constructed, focused examples of language use

(Lehmann et al., 1996; Prasad and Sarkar, 2000).
Both methods come with advantages and disadvan-
tages. Corpus-based evaluations facilitate testing a
system’s robustness against authentic language and
are well-suited for frequent linguistic constructs.
However, many linguistic constructs occur only
rarely in natural data. Test suites address this lim-
itation by supporting a controlled evaluation that
systematically evaluates the coverage of specific
constructs (Lehmann et al., 1996).

For a similar extraction system for English, Sa-
girov and Chen (2025) used a corpus-based evalua-
tion approach. They randomly selected 15 features
for each CEFR level and automatically extracted
sentences containing the respective features from
the Corpus of Contemporary American English
(Davies, 2009). In addition, they randomly selected
sentences that did not contain the feature as nega-
tive examples.

3 Methods

3.1 System Evaluation

To evaluate the system and answer RQ1, we opted
for a test suite-based approach. This allowed us to
control the evaluation sentences, particularly the
negative examples, enabling us to construct chal-
lenging cases that stress-test the system. Moreover,
our goal was to evaluate every measure extracted by
PALME. As mentioned previously, some features
occur only rarely in natural language data, which
makes them difficult to capture reliably through
corpus-based sampling. Although there are, to the
best of our knowledge, no widely accepted guide-
lines on writing test suites, Balkan et al. (1994)
recommend to include both positive and negative
examples of the target feature. They further suggest
covering a range of instantiations and to intention-
ally add misleading inputs and traps for the system.
We thus constructed a systematic test suite con-
sisting of positive and negative examples for each
feature in the GGP. For every feature, the test suite
contains ten sentences: five positive examples that
include the target feature and five negative exam-
ples that do not.

To ensure variability and linguistic diversity, the
sentences were developed collaboratively by three
experts: the first author, the second author as a nat-
ural language processing (NLP) expert, and a ped-
agogical expert in second language teaching. The
positive examples were informed by reading and
learner corpora, but were adapted or constructed
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where necessary to ensure controlled evaluation,
for example by avoiding multiple instances of the
same feature or by including theoretically moti-
vated constructions. We deliberately included dif-
ferent structural and lexical realizations of each
feature to capture its range of possible realizations.
For the negative examples, we constructed sen-
tences that were closely related to the target feature,
either structurally, linguistically, or pedagogically,
but did not actually instantiate it. For example, in
the case of adjectival case marking without an arti-
cle, accusative constructions were contrasted with
structurally parallel sentences in other cases. Simi-
larly, for verbal features, negative examples were
designed to resemble the relevant constructions
while differing in tense, agreement, or syntactic
realization. This design ensured that the evalua-
tion tested the system’s ability to distinguish subtle
contrasts. After constructing the test suite, we eval-
uated the system’s performance on all features. We
computed precision and recall for each feature and
identified those with scores below a threshold of
0.8. As each feature is represented by five posi-
tive and five negative examples, a score of 0.8 or
higher corresponds to at least four correctly clas-
sified instances within a set of five (i.e., at most
one error). These features were subsequently re-
vised and improved, and the sentences targeting the
revised features were updated with new examples
to prevent overfitting to the original test sentences.
Following each revision cycle, the system was re-
evaluated on the test suite. Features that continued
to fall below the performance threshold were fur-
ther refined. This iterative process was conducted
for two improvement cycles and concluded with a
final evaluation. Although additional cycles might
have led to further performance gains, we stopped
after the third evaluation round to minimize the risk
of overfitting the system to the test suite.

3.2 Feature Validation

After completing the system optimization phase,
we validated the extracted CFs on graded reader
data to answer RQ2. We used texts provided by
Deutsch Perfekt1, a magazine that publishes read-
ing materials for second language learners.

While this dataset does not consist of learner
production, graded reading materials provide an ap-
proximation of proficiency levels and are therefore
a suitable starting point for evaluating the useful-

1https://www.spotlight-verlag.de

ness of criterial features in readability classification.
Given that this study represents an initial step to-
ward a broader validation of CFs, we focus here on
input texts, which play a central role in language
development. In line with pedagogical principles
such as the i+1 hypothesis (Krashen, 1985), reading
materials should be designed to be just above the
learner’s current proficiency level, thereby reflect-
ing increasing linguistic complexity across levels.

The corpus is categorized into three proficiency
levels: easy (approximately CEFR A2), interme-
diate (approximately B1), and advanced (approx-
imately B2/C1). In total, the dataset consists of
4,906 texts spanning these proficiency levels. Ta-
ble 1 shows a descriptive overview of the corpus.

Level Num. Texts Num. Tokens
Easy 2,535 447,287

Intermediate 1,463 830,158
Advanced 908 461,446

Total 4,906 1,738,891

Table 1: Overview of the Deutsch Perfekt corpus

The classes are imbalanced, with most tokens
in the corpus being part of texts in the intermedi-
ate class. We conducted a predictive evaluation by
training an Explainable Boosting Machine (EBM)
on the extracted CFs to predict CEFR levels us-
ing an 80–20 train–test split. We normalized raw
feature counts by calculating feature occurrences
per 1,000 tokens to control for differences in text
length. EBMs are generalized additive models that
learn each feature function using gradient boosting
and maintaining additive structures, thus enabling
high interpretability (Nori et al., 2019; Lou et al.,
2013). EBMs train each feature function one at
a time, allowing for each feature function to be
examined individually. They belong to so-called
"glassbox" models providing transparent feature
effects, in contrast to post-hoc explanation meth-
ods (e.g., LSTMs or SVMs). Using EBMs instead
of other machine learning models allowed us not
only to assess predictive performance but also to
interpret the contribution and shape of individual
features in relation to proficiency level.

4 Results

4.1 System Evaluation
We first report system performance aggregated of
CFs by CEFR level in order to assess overall ro-
bustness across proficiency bands. Table 2 presents
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precision, recall, and F1 scores for A1–B2. Per-
formance is consistently high across proficiency
levels, with precision ranging from 0.956 (A1) to
0.981 (B1). Recall shows a slight decrease with
increasing proficiency, ranging from 0.932 at A1 to
0.855 at B2.

Macro-averaged performance across levels
yields a precision of 0.968, recall of 0.886, and
an F1 score of 0.925. Micro-averaged performance
across all 1,530 instances is similarly high. Our
results are in line with those reported by Sagirov
and Chen (2025) for the POLKE system, indicating
state of the art performance.

Level Precision Recall F1 N
A1 0.956 0.932 0.944 470
A2 0.978 0.894 0.934 490
B1 0.981 0.863 0.918 350
B2 0.959 0.855 0.904 220
Macro Avg. 0.968 0.886 0.925 –
Micro Avg. 0.969 0.893 0.929 1530

Table 2: Precision, recall, and F1 scores per CEFR
level. Macro averages are computed across levels; micro
averages are computed across all instances.

Across the 153 evaluated measures, 138 mea-
sures (90.1%) achieved both precision and recall
values of at least 0.8. Table 3 lists the 15 mea-
sures (9.9%) that fell below this threshold in at
least one of the two metrics. As described in Sec-
tion 3, the threshold of 0.8 corresponds to at most
one error within the five positive or five negative
test instances per feature. Table 5 in Appendix A

shows feature descriptions from the GGP and ex-
amples sentences in German and English for all
features discussed in this paper.

Overall, the results indicate robust and reliable
detection performance for the large majority of
measures. The measures with lower scores are
largely explainable. Several involve case mark-
ing (e.g., adjectival inflection without an article
or genitive marking), which depends on accurate
morphological analysis. We found that the taggers
are currently not able to reliably annotate the ac-
cusative case, as the form is often similar to the
nominative case, which leads to subsequent errors
in the rule-based system.

Feature 32148 (subjunctive II) is primarily form-
based and involves subtle semantic distinctions that
are difficult to operationalize computationally. The
comparatively lower recall for indefinite pronouns
(3168) is less immediately expected and warrants
further inspection. Importantly, precision is con-
sistently high across measures, with the large ma-
jority reaching a value of 1.0. This indicates that
false positives are rare. For subsequent corpus-
based analyses, this is particularly desirable, as it
minimizes the risk of overestimating the frequency
of linguistic structures. A full table of performance
for all features can be seen in Appendix B – each
feature is assigned a construct ID that encodes the
CEFR level: IDs beginning with 21 correspond to
A1 features, 22 to A2 features, 31 to B1 features,
and 32 to B2 features.

ID Level Feature Precision Recall
3132 B1 Superlative of B1 level adverbs 1.00 0.20
2264 A2 Adjectives in the accusative after zero articles 1.00 0.40
2268 A2 A2 level Indefinite Pronouns 1.00 0.40
32148 B2 Subjunctive II 1.00 0.40
2111 A1 Negation article ‘kein” in the accusatives 1.00 0.60
2113 A1 Personal pronouns in the accusative 0.75 0.60
2263 A2 Adjectives in the nominative after zero article 1.00 0.60
2265 A2 Adjectives in the dative after zero article 1.00 0.60
2281 A2 Past Participle 1.00 0.60
3168 B1 B1 level Indefinite pronouns 1.00 0.60
31120 B1 Articles in genitive case 1.00 0.60
3134 B1 Adverbial temporal determinations 1.00 0.60
3256 B2 Genitive after indefinite article 1.00 0.60
3257 B2 Genitive after zero article 1.00 0.60
2282 A2 Perfect Tense 1.00 0.60

Table 3: Precision and recall scores for features below the 0.8 threshold in at least one metric.
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4.2 Feature Validation

We evaluated the predictive performance of the
extracted criterial features for regression as well
as classification models, using EBMs for both ap-
proaches. Results are reported in Table 4. In addi-
tion, we report global and feature-specific results
from the EBM. In the regression setting, the model
achieved a Root Mean Squared Error (RMSE) of
0.501 and a Mean Absolute Error (MAE) of 0.396.
To enable comparison with the classification setup,
regression predictions were rounded to the near-
est CEFR level. Under this discretized evalua-
tion, the model achieved an accuracy of 0.704,
a macro-averaged F1 score of 0.667, a macro-
averaged precision of 0.692, and a macro-averaged
recall of 0.656. In the classification setting using
an EBM, the model achieved an overall accuracy
of 0.769. Macro-averaged F1 was 0.740, with a
macro-averaged precision of 0.750 and a macro-
averaged recall of 0.733. Direct comparison of
the regression results and the classification model
shows higher performance for the classification
approach across all reported metrics. Subsequent
analyses are therefore based on the classification
model.

Category Metric Value

Regression
RMSE 0.501
MAE 0.392

Classification

Accuracy 0.769
F1 (macro) 0.740
Precision (macro) 0.750
Recall (macro) 0.733

Regression

Accuracy 0.711
F1 (macro) 0.678
Precision (macro) 0.724
Recall (macro) 0.665

Table 4: Model performance metrics for regression,
classification EBM, and rounded regression outputs.

Figure 1 shows the confusion matrix for the clas-
sification model. Consistent with previous findings
(e.g., Lagutina et al., 2023), most errors occur be-
tween adjacent levels, especially at the intermediate
level. This is especially interesting considering the
class imbalance: As most data exists for the inter-
mediate level, it would be expected that the model
tends to overestimate this level, which is not the
case for this model. Misclassifications spanning
two levels are comparatively rare. Interestingly,
recall for A1 level is surprisingly high, and the

confusion matrix shows that, if misclassified, in-
termediate texts are more frequently classified as
easy texts, meaning that the models has a slight
tendency to underestimate CEFR levels.

Figure 1: Confusion Matrix showing results in percent
for the classification model.

It is important to note that there currently is no
work on using German CFs as features for machine
learning classifiers, however there is work using
linguistic complexity measures. Our results are
lower than classification results reported in previ-
ous work on linguistic complexity for German on
the same corpus (Weiss et al., 2021), but are compa-
rable to studies using criterial features for English
classification tasks (Gaillat et al., 2022).

Figure 2 shows the development of the ten most
strongly changing B1/B2 features across the three
readability levels. Overall, most features show a

Figure 2: Developmental trajectories of B1 and B2 fea-
tures with strongest development.

clear increase from easy to advanced texts, indi-
cating that higher-level grammatical constructions
tend to occur more frequently in more difficult texts.
The overall trend suggests that the frequency of
B1/B2 features increases with text difficulty, as

68



would be expected. The strongest increase is ob-
served for feature 31109 (simple past), which rises
substantially from easy to advanced texts. One
interesting observation is the development of fea-
ture 3131 (comparative of B1-level adverbs), which
shows a slight decrease across levels.

As can be seen in Figure 3, global term im-
portances derived from the EBM (mean absolute
weighted scores) indicate that features 31109 (sim-
ple past) and 2182 (perfect tense of A1 verbs) were
the most influential predictors. These were fol-

Figure 3: Global term importances for ten most infor-
mative features derived from the EBM.

lowed by features 2116 (A1 level verbs in present
tense), 2118 (to be in present tense), 2112 (nomina-
tive of personal pronouns), 2105 (nominative of A1
nouns), 3203 (B2 level conjunctive adverbs), 2274
("that" clauses), 2117 (to have in present tense),
2206 (relative pronouns in nominative case), 32135
(to become in passive present tense), 32148 (sub-
junctive II), and 2281 (past participle).

Figure 4 shows the learned score contributions of
feature 2182 and 31109. For feature 2182 (perfect
tense of A1 verbs), the contributions vary across
its observed frequency range (0–42). The distri-
bution of this feature shows a concentration of ob-
servations in the lower frequency intervals. As
the frequency of feature 2182 increases, the model
increasingly favors class 1 (easy) while simulta-
neously decreasing the likelihood of class 3 (ad-
vanced), with class 2 (intermediate) exhibiting com-
paratively small changes. Thus, higher frequencies
of feature 2182 are strongly associated with class
1 predictions, whereas low frequencies are more
indicative of class 3.

For feature 31109 (simple past), score contri-
butions vary across its observed frequency range
(0–155), with most observations concentrated in
the lower frequency intervals. In contrast to fea-
ture 2182, increasing frequencies of feature 31109
strongly increase the likelihood of class 3 (ad-
vanced) while reducing the likelihood of class 1

Figure 4: EBM shape functions and value distributions
for the two most informative features. Top: Feature
31109. Bottom: Feature 2182. The upper panels show
the learned score contributions across feature values,
and the lower panels show the empirical value distribu-
tions.

(easy), again with comparatively smaller effects for
class 2 (intermediate). High frequencies of feature
31109 therefore act as a strong indicator for class 3.
As seen before, of all B1/B2 level features, feature
31109 also showed the strongest increase from easy
to advanced texts. The results will be discussed in
the following.

5 Discussion

This study addressed two research questions con-
cerning the operationalization and predictive power
of CFs for German. Overall, the analyses provide
promising results that CFs can be operationalized
computationally and that they capture meaningful
aspects of language development.

Regarding RQ1, the results indicate that CFs
can be reliably operationalized and automatically
detected. The results across CEFR levels indi-
cate that the system maintains very high precision
across all proficiency levels, meaning that identi-
fied structures are highly reliable. The decrease in
recall at higher levels likely reflects increasing lin-
guistic complexity, which introduces greater struc-
tural variation and thus poses additional challenges.
Moreover, 90% of individual features achieve pre-
cision and recall above 0.8. This demonstrates that
the linguistic constructs defined in the GGP can be
translated into computational rules and identified
in language data. In addition, the use of a targeted
test suite proved to be a useful methodology for
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evaluating the performance of the extraction sys-
tem, as it allowed us to systematically assess the
performance of individual features and to improve
the system cyclically, incorporating challenging
negative examples.

With respect to RQ2, the results show that auto-
matically detected CFs provide meaningful infor-
mation for predicting CEFR levels. Several CFs
were found to be highly informative for the EBM
classifier. Notably, the most informative feature
was the use of simple past (31109), followed by the
perfect tense (2182), which involves the characteris-
tic German split verb construction. Two additional
features related to the split verb construction (2281,
past participle and 32135, to become (bekommen)
in passive present tense), also appeared among the
most informative predictors. These findings sug-
gest that verb-related features play an important
role in distinguishing CEFR levels and reflect de-
velopmental patterns in second language acquisi-
tion.

An interesting observation concerns the distribu-
tion of the perfect tense feature of A1 level verbs
(2182). While constructions involving the perfect
tense and participle formation are theoretically re-
lated to the German split verb pattern, the model
indicates that feature 2182 is particularly associ-
ated with easier texts, corresponding roughly to A2
levels. This appears to diverge from predictions
made by PT, where verb-splitting phenomena are
expected to emerge only at stage three (out of five
stages) of the developmental hierarchy (Pienemann,
1998). One possible explanation is that certain per-
fect tense forms, particularly with high-frequency
verbs such as to be (sein) and to go (gehen) (e.g., I
went, Ich bin gegangen), may be introduced early
in language instruction as formulaic constructions
for communicative purposes. Learners may there-
fore acquire these forms initially as fixed expres-
sions rather than as fully productive grammatical
structures. In this sense, the presence of perfect
tense forms in lower-level texts does not neces-
sarily indicate that learners have acquired the un-
derlying verb-splitting mechanism. Instead, the
productive use of separable verb constructions may
still develop later, in line with the predictions of
developmental theories such as PT.

The results also show the importance of case
marking (features 2112, 2105 and 2208, respec-
tively, personal pronouns, nouns, and relative pro-
nouns in nominative case), which showed as highly
informative features in the classification model. In

PT, case marking is treated as a diacritic feature
associated with a lexical item, rather than being
a central developmental structure. However, pre-
vious research has highlighted the importance of
morphological development for German L2 learn-
ers (Weiss, 2024), and the functional grammar un-
derlying Profile Deutsch (Glaboniat, 2010) also
assigns a prominent role to case marking. Our re-
sults provide further empirical evidence supporting
this, suggesting that case marking contributes to
distinguishing readability levels in graded readers.

As briefly mentioned in Section 4, classifiers
based on linguistic complexity measures achieve
higher performance on the same corpus than the ap-
proach presented in this paper (Weiss et al., 2021).
This difference can be attributed to several fac-
tors. First, Weiss et al. (2021) extract a large set
of over 300 features capturing multiple linguis-
tic dimensions, including syntactic, lexical, and
discourse-level properties. Second, linguistic com-
plexity measures are inherently aggregative, which
may be better suited for classification tasks. Finally,
differences in model architecture, such as the use
of Support Vector Machines (SVMs) compared to
EBMs, may also contribute to performance differ-
ences. Nevertheless, criterial features offer distinct
advantages that make them particularly valuable
in educational contexts. In contrast to complexity
measures, CFs provide a transparent and linguisti-
cally grounded representation of language, as they
can be directly linked to CEFR levels and inter-
preted in terms of developmental trajectories. This
allows for a more fine-grained and interpretable
analysis of learner-relevant structures, which is not
straightforward with aggregative complexity mea-
sures.

From a pedagogical perspective, the GGP and
the PALME system enable targeted readability as-
sessment by identifying whether a text is suitable
for a specific learner group (e.g., B1 learners of
German), while also highlighting specific linguis-
tic structures that contribute to its difficulty. This
opens up possibilities not only for text selection but
also for diagnostic applications, such as identify-
ing particularly challenging constructions within a
text. At the same time, the two approaches are not
mutually exclusive. Combining criterial features
with linguistic complexity measures may lead to
more robust and accurate classification systems,
while preserving interpretability and pedagogical
relevance.
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6 Future Work

Several directions for future research emerge from
the present study. First, the test suite developed for
evaluating the automatic detection of CFs could be
used to assess the capabilities of LLMs in identi-
fying and analyzing linguistically motivated gram-
matical constructs. In particular, LLMs could be
explored as a complementary approach in cases
where rule-based detection proves difficult or in-
sufficient. Another approach to address limitations
of upstream tagging could be to explore the use of
constituency parsing. Second, the test suite could
be expanded to include authentic learner language
data. Incorporating learner corpora would allow
us to assess how well the system performs on nat-
urally occurring learner language and to examine
how CFs manifest in real learner production. Third,
future work could investigate the relationship be-
tween automatically detected CFs and CEFR level
assignments in more detail. Following approaches
such as Verratti-Souto et al. (2025), statistical anal-
yses would contribute to a better understanding of
how closely criterial feature mappings correspond
to actual proficiency development.

7 Conclusion

In this paper, we presented a systematic, test suite-
based method to evaluate rule-based feature extrac-
tions systems by analyzing the reliability of the
PALME system. We showed that PALME reliably
extracts 90% of the extracted features with preci-
sion and recall above .8 using positive and negative
examples. We moreover used the system to ana-
lyze graded reading material, thus contributing to
interpretable ARA.

The findings indicate that criterial features cap-
ture aspects of developmental trajectories, but they
also extend beyond them. PT predicts that certain
grammatical phenomena emerge at specific stages
of development, such as the split verb pattern as-
sociated with separable verb constructions. Our
results partially align with these predictions. At the
same time, the model also relies on a broader set
of linguistic constructs, including morphological
features. This suggests that criterial features not
only reflect developmental stages but also capture
additional dimensions.

8 Limitations

While the present study provides promising results,
several limitations point to important directions for

future research. First, the evaluation of the PALME
system is based on a manually constructed, corpus-
informed test suite rather than a fully authentic
corpus. Although this allows for controlled test-
ing of individual features, it may not fully capture
the variability of real-world language use. In ad-
dition, each feature is represented by only a small
number of examples, which constrains the range of
linguistic realizations covered.

Second, the system depends on upstream prepro-
cessing components such as part-of-speech tagging
and parsing. Errors in these components may prop-
agate and affect feature detection, particularly for
more complex constructions.

Third, the validation of criterial features is lim-
ited to a single corpus of graded readers, raising
questions about the generalizability of the findings
across different corpora and text types. Future work
should therefore investigate cross-corpus perfor-
mance to assess the robustness of the approach.

Finally, the study does not include learner lan-
guage data. While graded readers approximate
proficiency levels, they do not fully reflect ac-
tual learner production. Evaluating the system on
learner corpora would therefore provide a more di-
rect validation of criterial features as indicators of
language development.
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B Appendix

ID Pos1 Pos2 Pos3 Pos4 Pos5 Neg1 Neg2 Neg3 Neg4 Neg5 Precision Recall
2168 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2165 1 1 0 1 1 0 0 0 0 0 1.0 0.8
2166 1 1 1 1 0 0 1 0 0 0 0.8 0.8
2103 1 1 1 1 0 0 0 0 0 0 1.0 0.8
2108 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2111 1 0 1 0 1 0 0 0 0 0 1.0 0.6
2110 1 1 1 0 1 0 0 0 0 0 1.0 0.8
2129 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2130 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2117 1 1 1 1 1 0 0 1 0 0 0.83 1.0
2118 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2119 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2120 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2121 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2122 1 1 1 1 0 0 0 0 0 0 1.0 0.8
2123 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2124 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2125 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2126 1 1 1 0 1 0 0 0 0 0 1.0 0.8
2127 1 1 1 1 1 1 0 0 0 0 0.83 1.0
2128 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2101 1 1 1 1 1 1 1 0 0 0 0.71 1.0
2102 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2131 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2132 1 1 1 1 1 1 0 0 0 0 0.83 1.0
2161 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2162 1 1 1 1 1 0 0 1 0 0 0.83 1.0
2163 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2164 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2129 1 1 0 1 1 0 0 0 0 0 1.0 0.8
2130 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2116 1 1 1 0 1 0 0 0 0 0 1.0 0.8
2146 1 0 1 1 1 0 0 0 0 0 1.0 0.8
2104 1 1 1 1 0 0 0 0 0 0 1.0 0.8
2182 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2107 1 1 1 1 0 0 0 0 0 0 1.0 0.8
2105 1 1 1 1 1 0 1 0 0 0 0.83 1.0
2106 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2133 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2112 1 1 1 1 1 0 0 0 0 1 0.83 1.0
2113 1 1 0 1 0 0 0 0 0 1 0.75 0.6
2114 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2115 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2109 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2169 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2134 1 1 1 0 1 0 0 0 0 0 1.0 0.8
2135 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2200 1 1 0 1 1 0 0 0 0 0 1.0 0.8
2201 1 1 0 1 1 0 0 0 0 0 1.0 0.8
2231 1 1 1 1 0 0 0 0 0 0 1.0 0.8
2254 1 1 0 1 1 0 0 0 0 0 1.0 0.8
2255 1 1 0 1 1 0 0 0 0 0 1.0 0.8
2256 1 1 0 1 1 0 0 0 0 0 1.0 0.8
2257 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2258 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2259 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2260 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2263 1 1 0 0 1 0 0 0 0 0 1.0 0.6
2264 1 0 1 0 0 0 0 0 0 0 1.0 0.4
2265 1 1 1 0 0 0 0 0 0 0 1.0 0.6
2261 1 1 0 1 1 0 1 0 0 0 0.8 0.8
2262 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2267 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2268 0 1 1 0 0 0 0 0 0 0 1.0 0.4
2206 1 1 1 1 1 0 0 0 0 0 1.0 1.0
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ID Pos1 Pos2 Pos3 Pos4 Pos5 Neg1 Neg2 Neg3 Neg4 Neg5 Precision Recall
2207 1 1 1 1 0 0 0 0 0 0 1.0 0.8
2274 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2275 1 1 1 1 1 0 0 0 1 0 0.83 1.0
2276 1 1 0 1 1 0 0 0 0 0 1.0 0.8
2277 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2279 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2280 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2281 0 1 0 1 1 0 0 0 0 0 1.0 0.6
2282 1 1 1 1 0 0 0 0 0 0 1.0 0.8
2283 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2284 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2285 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2205 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2202 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2203 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2294 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2234 1 0 1 1 1 0 1 0 0 0 0.8 0.8
2235 1 1 1 1 1 0 0 0 0 1 0.83 1.0
2278 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2269 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2271 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2270 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2266 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2210 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2208 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2209 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2288 1 1 1 1 1 0 0 0 0 0 1.0 1.0
2286 1 1 1 1 0 0 0 0 0 0 1.0 0.8
2236 1 1 0 1 1 0 0 0 0 1 0.8 0.8
2287 1 1 1 0 1 0 0 0 0 0 1.0 0.8
2295 1 1 1 1 1 0 0 0 0 0 1.0 1.0
31103 1 0 1 1 1 0 0 0 0 0 1.0 0.8
31104 1 1 1 1 1 0 0 0 0 0 1.0 1.0
31105 1 1 0 1 1 0 0 0 0 0 1.0 0.8
3178 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3179 1 1 1 1 1 0 0 0 0 0 1.0 1.0
31108 1 1 1 1 1 0 0 0 0 0 1.0 1.0
31109 1 1 1 1 1 0 0 0 0 0 1.0 1.0
31110 0 1 1 1 1 0 0 0 0 0 1.0 0.8
31111 1 1 1 1 1 0 0 0 0 0 1.0 1.0
31112 1 1 0 1 1 0 0 0 0 0 1.0 0.8
31113 1 1 0 1 1 0 0 0 0 0 1.0 0.8
31115 1 1 0 1 1 0 0 0 0 0 1.0 0.8
31116 1 1 1 1 0 0 0 0 0 0 1.0 0.8
31114 1 1 1 1 1 0 1 0 0 0 0.83 1.0
3167 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3168 1 1 0 0 1 0 0 0 0 0 1.0 0.6
3104 1 1 1 0 1 0 0 0 0 0 1.0 0.8
31119 1 1 1 1 0 0 0 0 0 0 1.0 0.8
31120 0 1 1 1 0 0 0 0 0 0 1.0 0.6
3101 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3102 1 1 0 1 1 0 0 0 0 0 1.0 0.8
3103 1 0 1 1 1 0 0 0 0 0 1.0 0.8
3194 1 1 1 1 1 1 0 0 0 0 0.83 1.0
3134 1 0 1 1 0 0 0 0 0 0 1.0 0.6
3135 1 0 1 1 1 0 0 0 0 0 1.0 0.8
31130 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3105 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3106 1 1 1 1 1 0 1 0 0 0 0.83 1.0
3199 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3198 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3131 1 1 0 1 1 0 0 0 0 0 1.0 0.8
3132 0 0 0 1 0 0 0 0 0 0 1.0 0.2
3133 1 1 0 1 1 0 0 0 0 0 1.0 0.8
3166 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3136 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3201 1 1 1 1 1 0 0 0 0 0 1.0 1.0
32135 1 1 1 1 0 0 0 0 0 0 1.0 0.8
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ID Pos1 Pos2 Pos3 Pos4 Pos5 Neg1 Neg2 Neg3 Neg4 Neg5 Precision Recall
32132 1 1 1 1 1 0 0 0 0 0 1.0 1.0
32133 1 1 1 1 1 0 0 0 0 0 1.0 1.0
32136 1 0 1 1 1 0 0 0 0 0 1.0 0.8
32137 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3255 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3256 0 1 1 0 1 0 0 0 0 0 1.0 0.6
3257 0 1 0 1 1 0 0 0 0 0 1.0 0.6
3267 0 1 1 1 1 0 0 0 0 0 1.0 0.8
3202 1 1 1 1 0 0 0 0 0 0 1.0 0.8
3203 1 1 1 1 1 0 0 0 0 0 1.0 1.0
32148 1 0 0 0 1 0 1 0 1 0 0.5 0.4
32149 1 1 1 1 0 0 0 0 0 0 1.0 0.8
32150 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3208 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3234 1 0 1 1 1 0 0 0 0 0 1.0 0.8
3235 0 1 1 1 1 1 0 0 0 0 0.8 0.8
3207 1 1 1 1 1 0 0 0 0 0 1.0 1.0
3231 1 1 0 1 1 0 0 0 0 0 1.0 0.8
3232 1 1 1 1 1 0 1 0 0 0 0.83 1.0
3236 0 1 1 1 1 0 0 0 0 0 1.0 0.8
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