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Abstract

A detailed understanding of the basic proper-
ties of text collections produced by humans
or generated synthetically is vital for all steps
of the natural language processing system life
cycle, from training to evaluating model per-
formance and synthetic texts. To facilitate
the analysis of these properties, we introduce
elfen, a Python library for efficient linguis-
tic feature extraction for text datasets. It in-
cludes the largest set of item-level linguistic
features in eleven feature areas: surface-level,
POS, lexical richness, readability, named en-
tity, semantic, information-theoretic, emotion,
psycholinguistic, dependency, and morphologi-
cal features. Building on top of popular NLP
and modern dataframe libraries, elfen enables
feature extraction in various languages (80 at
the moment) on thousands of items, even given
limited computing resources1. We show how
using elfen enables linguistically informed
data selection, outlier detection, and text col-
lection comparison. We release elfen as an
open-source PyPI package, accompanied by
extensive documentation, including tutorials2.

1 Introduction

While there is a dire need to understand our data
at all levels, such as pre-training, fine-tuning, few-
shot in-context learning, evaluation, and syntheti-
cally generated texts, there is a surprising lack of
deep engagement with the basic properties of the
data at hand. This is especially worrisome since
works on spurious correlations in the data affect-
ing model performance show that long-standing
linguistic measures can provide insights into model

1For instance, the features for popular benchmarks can
be extracted on consumer hardware in less than an hour. For
more details, see Appendix D.

2We host the code at https://github.com/mmmaurer/
elfen/, make it available through the GESIS Meth-
ods Hub at https://methodshub.gesis.org/library/
methods/elfen/, and provide documentation and tutorials at
https://elfen.readthedocs.io/en/latest/.

behavior (Poliak et al., 2018; Liusie et al., 2022;
Borah et al., 2023, inter alia). Similarly, recent
works have emphasized the need for and promises
of measuring data diversity (Nguyen and Ploeger,
2025). We argue that in line with these efforts,
measuring the linguistic composition of texts is
highly relevant, especially in the age of generative
LLMs: Firstly, measuring linguistic properties of
(pre-)training data at scale can give insights into
downstream model behavior (e.g., Zhang et al.,
2021). Secondly, given the popularity of bench-
mark datasets to assess improvements of ever big-
ger models, linguistic features can give insights into
the comparability and the shortcomings of bench-
mark datasets (e.g., Gubelmann et al., 2024). Fi-
nally, given the rising prevalence of synthetic data,
it becomes more and more important to understand
its properties, be it to understand and detect it bet-
ter (Dönmez et al., 2025) or to assess its utility
for (pre-)training, especially given risks like model
collapse (Shumailov et al., 2024).

While there are tools for linguistic feature extrac-
tion, most of them are focused on a specific area
(e.g., lexical richness) or support a limited num-
ber and scope of features. Suppose a researcher
wants a broad coverage of features in a given anal-
ysis. In that case, this causes difficulties, given
that different tools require different preprocessing
and can differ widely in how efficient they are,
especially when dealing with large numbers of in-
stances. There is a clear lack of availability of
unified extraction tools providing a comprehensive
number of features in different areas, and a way to
efficiently extract them.

To fill this gap, we present elfen, a Python
package to efficiently extract linguistic features
for large numbers of text instances. Our contribu-
tions are fourfold: (1) We provide a tool with the
largest collection of features (1, 061), (2) most of
which are extractable in 80 languages out of the
box. (3) elfen provides efficient extraction (on
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Library elfen LFTK LIWC

Surface-Level 11 9 2
Lexical Richness 26 10 0
Readability 11 6 1
Named Entities 19 19 0
Information Theory 2 0 0
Emotion/Sentiment 36 0 8
POS 20 34 20
Psycholinguistics 78 3 33
Semantics 17 0 41
Morphology 798 0 0
Syntatice Dependencies 43 0 0
Reading Time Formulas 0 3 0

Total 1,061 84 105

Table 1: Comparison of the number of features imple-
mented per feature area for elfen (v1.2.4), LFTK (Lee
and Lee, 2023), and LIWC (Boyd et al., 2022). We keep
the comparison to libraries with the same scope and goal
as elfen . Due to different design choices regarding nor-
malization by token, lemma, or sentence count, we only
consider what they call foundation features in LFTK
for this comparison. We count all non-psycholinguistic
dictionary features as semantic for LIWC.

average 21.8% faster than comparable libraries) on
tens of thousands of items. (4) elfen builds on
popular libraries, allowing for easy integration into
existing workflows and the multilingual coverage
of it to grow with them.

In the following, we discuss existing tools and
the contributions of elfen (Section 2), present the
implementation and functionalities of it (Section
3), and showcase already existing and potential use
cases of it (Section 4).

2 Related Work

Measuring characteristics of texts to compare them
has a long history in (computational) linguistics and
NLP, from early works trying to measure specific
properties like lexical diversity (e.g., Yule, 1944)
and readability (e.g., Mc Laughlin, 1969), to more
recent advances trying to measure overall seman-
tic similarity between texts (Corley and Mihalcea,
2005; Reimers and Gurevych, 2019)

In consequence, several tools for extracting such
features have been developed, some of which are
now outdated or no longer actively maintained
(Graesser et al., 2004; Simig et al., 2022). Cur-
rently available, actively maintained tools can be
categorized across two axes: (1) the scope of the
features they provide, and (2) the units they operate

on.
Variationist (Ramponi et al., 2024), for in-

stance, mainly measures token, n-gram, and se-
quence occurrence frequencies on a (sub)corpus
level, and, in turn, provides only a few corpus-level
features. Conversely, there are tools focusing on
text instance-level features, most of which focus on
a single group of features, such as lexical richness
(Shen, 2022) or readability3 on a text-level, as well
as tools for extracting token-level features such as
wn (Goodman and Bond, 2021), a package for us-
ing open multilingual wordnets (Bond and Foster,
2013). More extensive tools like LFTK (Lee and
Lee, 2023) and the commercial provider LIWC
(Boyd et al., 2022) aim to cover broader sets of
features on a text instance-level. While LFTK fo-
cuses on lexical richness and readability measures
and frequencies of token-level features as charac-
teristics of a given text, for example, the number of
nouns or of named entities, LIWC mainly focuses
on frequencies of words associated with certain
semantic categories, for example, politics, or emo-
tional or perceptive grounding.

2.1 Resource Gap

The fragmented coverage of feature groups, the
lack of integration of token-level resources, such
as psycholinguistic norms or emotion lexicons in
open-source tools, and the fact that they are not op-
timized for datasets with large numbers of text in-
stances make existing tools suboptimal for conduct-
ing analyses on typical NLP tasks and benchmark
datasets, pre-training instances, and synthetically
generated text collections. The package presented
in this paper, elfen , thus aims to provide a unified
tool for extracting an extensive number of text-level
characteristics across feature areas, optimized for
modern large NLP datasets. elfen provides a more
comprehensive coverage across and within most
feature areas, as we show in the comparison of
elfen with LFTK and LIWC in Table 1, while be-
ing significantly faster than comparable tools when
extracting large amounts of features.

3 Implementation and Functionality

3.1 Implementation

To allow for extensive analyses of datasets with
tens of thousands of text items, we build elfen on
top of Polars4 for efficient parallel processing, and

3https://github.com/andreasvc/readability
4pola.rs
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Figure 1: Schematic overview of preprocessing in
elfen.

Figure 2: Schematic overview of the four types of fea-
ture extraction procedures.

spaCy (Honnibal et al., 2020) and stanza (Qi et al.,
2020) to integrate with established NLP tools and
pipelines.

As illustrated in Figure 1, elfen first prepro-
cesses the texts in the dataframe used to initialize
the Extractor with the backend model of choice
from spaCy or stanza models. The extracted basic
units, the sentences, tokens, lemmas, and syllables
per text are stored in their respective columns in
the dataframe, allowing for efficient downstream
calculation of features based on these basic units.

From these basic units, elfen allows for the
extraction of (implementation-wise) four types of
features: (1) features directly computable from a
basic unit (e.g., number of tokens), (2) features
computable from multiple basic features (e.g., type-
token ratio), (3) lexicon-based features requiring
some basic unit and a lexicon to match the text with
(e.g., the number of hedges), and (4) norm-based
features requiring some basic unit and a norm, a
lexicon including a measurement of a given prop-
erty per basic unit (e.g., the concreteness of a given
token).

As shown in Figure 2, (1) and (2) are directly cal-
culated, utilizing parallel processing abilities from
polars. This allows these features to be extracted in
less than a second after initializing the Extractor,

Backend Library Runtime ± SD

en_core_web_sm
elfen 11.43± 0.51
LFTK 15.46± 0.02

en_core_web_md
elfen 12.22± 0.26
LFTK 15.92± 0.64

en_core_web_lg
elfen 11.99± 0.21
LFTK 15.77± 0.36

en_core_web_trf
elfen 13.48± 0.23
LFTK 15.64± 0.46

Table 2: Mean extraction time in seconds ± standard
deviation (5 runs) for the first 100 items of the Stanford
Sentiment Treebank (Socher et al., 2013) for all avail-
able features in elfen (1,061) and LFTK (220) using
the same backend spacy models.

even for datasets with tens of thousands of items.
For (3) and (4), if the license permits, the respec-
tive lexicons or norms will be automatically down-
loaded5 and filtered according to the basic units
present. For (4), if applicable, for example, if fea-
tures based on highly concrete tokens are of inter-
est, an additional filtering step is performed on the
property measurement. Finally, the number of ba-
sic units fulfilling the filter criteria is counted, or a
given property of their measurements is calculated
(e.g., average concreteness of the tokens).

The optimized extraction of basic units, features,
and filtering results in a considerable speedup over
existing feature extraction tools. Given the same
spaCy backbone models, elfen extracts all avail-
able 1,061 features on average 21.8% faster than
the most comparable open-source library, LFTK
(Lee and Lee, 2023), extracts all available 220 fea-
tures (see Table 2).

3.2 Use Case-Driven Extraction
The main class of the package, the Extractor, is
implemented with a special focus on the ease of
use for various analysis scenarios. As illustrated in
Figure 3, the Extractor provides the extraction in
only a few lines of code of individual features, ap-
plicable in cases where researchers are interested in
specific features, feature groups, in (the comparison
of) a family of features, and all available features
in elfen, for exploratory scenarios or when they

5The usage of the norms and lexicons is subject to different
licenses. Complying with them and the citation guidelines
is the user’s responsibility. Some lexicons will need to be
downloaded manually. Further details can be found in the
documentation and the repositories’ README.
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# initializing extractor

extractor = elfen.Extractor(

data = df,

language = "en",

text_column = "text")

# extracting a single feature: ttr

extractor.extract("ttr")

# extracting a feature area/group: readability

extractor.extract_feature_group("readability")

# extracting all available features

extractor.extract_features()

Figure 3: Code examples of feature extraction capabil-
ities. The Extractor here is initialized with a polars
data frame df, which contains English text in the col-
umn text.

are interested in a comprehensive overview of the
instances in a dataset.

3.3 Implemented Linguistic Features

elfen implements 1,061 features in eleven broad
feature areas. Table 3 describes the feature areas
and gives an example of a feature6.

3.4 Multilingual Support

Given that elfen is using spaCy and stanza for pre-
processing, we rely on the availability of language-
specific models in them. SpaCy currently has 24
language-specific and one multilingual model avail-
able. Stanza provides 138 models in 80 languages.

All of the features except for the psycholinguis-
tic norm-based, emotion, and semantic features are
language-independent7. The emotion lexicons are
available in 108 languages, psycholinguistic fea-
tures are currently available in English, German,
French, and Italian, and semantic features are avail-
able in all languages supported by the wn package
(currently 34).

3.5 Analysis and Processing Utilities

Given elfen’s focus on linguistic analyses of text
datasets, in addition to the extraction, we provide
useful utilities for downstream analyses. These
include extracted feature rescaling to specified

6For a more detailed description including references
for the implemented features, see Appendix A. Our
documentation provides additional information on each
feature at https://elfen.readthedocs.io/en/latest/
feature_overview.html

7We provide a periodically updated overview
of which features are available in which language
at https://elfen.readthedocs.io/en/latest/
multilingual_support.html

ranges, normalization to have a mean of 0 and a
standard deviation of 1, or by the number of tokens,
lemmas, or sentences. We also provide function-
ality to extract local (within a given instance) and
global (across the whole dataset) token and lemma
frequencies.

4 Evaluation

To illustrate the usefulness of elfen, we discuss
existing work already using it in three categories.
We additionally outline three broad analysis sce-
narios showcasing how elfen provides insights in
LLM-related research.

4.1 Existing Work Using elfen

4.1.1 Analysis of Human and LLM Behavior
elfen enables the analysis of human and language
model behavior, and its connection to performance.
It has, for example, already been used to assess lin-
guistic factors in the human perception of gendered
style of texts (Chen et al., 2025). Similarly, Falk
and Lapesa (2025) to assess linguistic factors in
annotation uncertainty in humans and models on
morals and values. While Falk and Lapesa (2025)
have a particular focus on human label variation
and its connection to model uncertainty, in princi-
ple, any model-internal or output-derived metrics
could be substituted to assess connections to struc-
tural characteristics of the texts. Thus, elfen facil-
itates analyses connecting human and language
model behavior with linguistic structure.

4.1.2 Authorship and Stylistic Analysis
Tasks such as authorship attribution and stylistic
analysis (e.g., Sari et al., 2018; Ayele et al., 2024)
naturally use linguistic features due to their inher-
ent need for interpretability. Zeng et al. (2025) use
elfen as one potential interpretable component in
their explainable authorship verification method.
As this exemplifies, elfen provides interpretabil-
ity in tasks where it is vital, and can be inte-
grated in respective systems for such tasks.

4.1.3 Detection and Analysis of
LLM-Generated Text

Another natural avenue of work is the analysis
and detection of LLM-generated content. A ma-
jor limitation of prior works in this line of work
is the lack of access to extensive corpus statistics
(Wu et al., 2025), which elfen alleviates. Par-
fenova et al. (2025), for instance, use elfen to
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Feature Area Description Example

Surface-level Structural characteristics of a text Number of tokens
Readability Reading complexity; how hard to read a text is Flesch reading ease
Psycholinguistics Cognitive, social, or sensorimotor groundings of words Number of highly concrete tokens
POS Parts-of-speech in the text Number of nouns
Morphology Grammatical/lexical properties of words in a text Number of plurals
Information theory Redundancy and formulaicity of a text Shannon entropy
Lexical richness How lexically diverse is a text Type-token ratio (TTR)
Syntactic Dependencies Predicate-argument relations in a text Number of adverbial modifiers
Semantics Polysemy and ambiguity Number of hedges
Named entities Reference to entities with a proper name Number of organizations
Emotion/Sentiment Emotion or sentiment evoking or related words Number of high arousal tokens

Table 3: Overview of feature areas with example features.

analyse convergence patterns in multi-agent anno-
tation. Similarly, we show elfen’s utility for the
case of LLM-written arguments, both for extensive
analyses and detection scenarios (Dönmez et al.,
2025). Thus, elfen enables light-weight and
interpretable detection and analyses of LLM-
generated synthetic text and language model
behavior.

4.2 Exemplified Use Cases

To further illustrate the broad range of analyses
elfen enables, we discuss three exemplary anal-
ysis steps that may be applied to many use cases:
(1) Dataset comparison, (2) linguistically-informed
targeted sampling, and (3) outlier detection.

We showcase these use cases8 on two popu-
lar language understanding benchmark datasets,
MMLU-Pro (Wang et al., 2024) and BigBench
Hard (Suzgun et al., 2022).

4.2.1 Dataset Comparison
To understand dataset and domain effects at each
step of the NLP life cycle, it is beneficial to un-
derstand in depth where datasets differ. This is
particularly relevant for the generalization of train-
ing and test data: To train and test models for a
given task and draw insights on models’ capabili-
ties, especially for benchmarking, we ideally want
data to be as diverse as possible to reduce the influ-
ence of confounders. Suppose there are multiple
datasets for a given task that differ structurally. It
may be beneficial to either use the most diverse
dataset or use multiple complementary datasets to

8The code for the exemplified use cases is available as
commented notebooks at https://github.com/mmmaurer/
elfen-examples. The enriched datasets are available
at https://huggingface.co/collections/mmmaurer/
enriched-language-understanding-benchmarks

get more robust results and more informative in-
sights on model behavior and capabilities.

Two angles of assessment here are (1) a compari-
son of the overall and feature-area-wise correlation
structure for a coarse overview, and (2) a compari-
son of how individual features are distributed for
the datasets to assess fine-grained differences.

For (1), a natural option is to inspect correla-
tion matrix heatmaps and similarity measures be-
tween (sub)matrices. As Figure 4 illustrates for
BigBench Hard and MMLU-Pro, the correlation
structure between two datasets on the same task
can differ quite drastically, both overall and in spe-
cific areas, like morphological structures. This is
reflected in similarity measures between the cor-
relation (sub)matrices. For example, the Mantel
correlation (Mantel, 1967) for morphological fea-
tures (0.430, p < 0.001) is substantially lower than
for surface-level features (0.925, p = 0.005)9.

Given the particular differences in morphologi-
cal features, it may be interesting for researchers
to look more closely into such features, along the
lines of (2). Such an analysis yields insights like
MMLU-Pro showing considerably more variability
in its usage of plural nouns (µ = 0.4, σ = 0.5)
than BigBench Hard (µ = 0.0, σ = 0.0)10.

Differences like these may be expected, given
that BigBench Hard integrates different problems
into a given template format per subtask, and, in
MMLU-Pro, each instance has a specific problem-
instruction combination. elfen helps to quanti-
tatively confirm such intuitions, which illustrates
how elfen facilitates linguistic comparisons of
datasets along given axes of interest.

9For a full table with Mantel correlation results, see Ap-
pendix E.1.

10For full statistics for morphological features, see Ap-
pendix E.2
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Figure 4: Heatmap of the correlation structures of BigBench Hard and MMLU-Pro for the eleven feature areas.

4.2.2 Targeted Sampling
Given the potential effects of structurally very dif-
ferent texts in a dataset, looking into respective
samples for targeted comparisons or shot selection
in few-shot scenarios can be beneficial. Following
the latter example, suppose we want to ensure the
examples for computer science problems in our
shot selection include texts with relatively many
tokens (> 50) and a high relative frequency of
nouns (> 0.25). elfen provides the respective
statistics of the subset overall, allowing for targeted
sampling. For comparison, given that only 10.7%
of instances in the computer science problems of
MMLU-Pro fulfill these desiderata, the likelihood
of having at least one such instance in a random
sample is 0.203 for two shots and 0.365 for four
shots. As this exemplifies, elfen enables targeted
sampling to use subsets of datasets with specific
characteristics for downstream experiments.

4.2.3 Outlier Detection
For linguistic bias-aware error analyses, it can be
beneficial to understand whether a given model be-
haves differently for datapoints that are outliers in
(a subset) of their structural characteristics. The
features elfen provides can be used to run quick
analyses to identify such outliers and inspect down-
stream effects when training or testing on them.

To showcase this, we construct linguistic finger-
prints of the instances of MMLU-Pro by concate-
nating their respective features. We then use the
local outlier factor to determine such outliers. Fig-
ure 5 shows a t-SNE projection of the fingerprints,
showing that the identified outliers are either iso-
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Figure 5: t-SNE projection of MMLU-Pro linguistic
fingerprints showing outliers.

lated or on the edges of clusters.
A researcher interested in the sensitivity of dif-

ferent models to confounding characteristics could,
for example, use such identified outliers to test
whether there are systematic differences in how
models perform on these instances specifically. In
line with the previous subsection, if such differ-
ences are present, few-shot selection of such out-
liers could be tested as a way to address this.

Overall, this shows how elfen helps to identify
instances in datasets warranting special atten-
tion in experiments and downstream analyses.

5 Conclusion

We presented elfen, a Python package to effi-
ciently extract linguistic features for text datasets,
building on existing NLP preprocessing libraries
and established resources. elfen provides the most
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extensive number of features of comparable tools,
spanning eleven feature areas. We showcased the
versatility of elfen on prior work that already used
it, and on three generalizable analysis use cases.

Ethical Considerations and Limitations

While the features provided in elfen are grounded
in linguistic theory and draw on rigorously moti-
vated and collected external resources, they should
not be viewed as perfect or absolute properties, but
rather as potentially noisy proxies for the under-
lying structures. This is mainly due to three limi-
tations of the theories and resources elfen builds
on:

Firstly, not all features can be expected to trans-
fer across languages. For instance, Mandarin often
relies on syntactic order rather than inflectional
morphology to encode grammatical relationships.
Compared with many Indo-European languages,
the same values for some features may lead to
very different conclusions. We thus encourage
researchers to critically engage with what elfen-
derived features measure and reveal about lin-
guistic realization when comparing them across
languages.

Secondly, we rely on existing tokenizers. While
these tokenizers may be expected to work virtu-
ally perfectly in well-behaved text, they may not
work as well in the presence of linguistic and or-
thographic variation such as dialects and sociolects
(Wegmann et al., 2025). If this is not taken into ac-
count in the interpretation of results, this can lead
to wrong inferences. This is clearly particularly
problematic when the object of study includes the
behavior of (groups of) humans. Given the risk
of flattening or misrepresenting groups or their
language, we urge researchers using elfen to
carefully assess whether off-the-shelf tokenizers
can handle the variation present in their data.

Thirdly, external measurements such as psy-
cholinguistic norms or affective dictionaries are
subject to limitations that are passed down to the
features in elfen based on them. Besides limita-
tions in the way ratings are collected (Mohammad,
2018a; Delatorre et al., 2019), the main concern is
that most of them are collected from Western, well-
educated, rich, and politically liberal11, WEIRD
(Henrich et al., 2010), study participants and their
language variants, causing a bias in both the selec-

11Liberal here refers to the usage of the term in the US
political landscape.

tion of lexical items and the measurements (Siew
et al., 2025). Finally, aggregated ratings may flat-
ten individual differences (c.f. Knupleš et al., 2023;
Paisios et al., 2023), resulting in a simplified pic-
ture of the complex reality of language percep-
tion. While these are problems outside of the scope
of elfen itself, and we continually update the in-
cluded resources, we urge caution for the infer-
ences researchers make from psycholinguistic
and affective features, as they may result from a
WEIRD viewpoint on a limited number of lexi-
cal items, particularly for European languages.
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A Full Description of Features

In the following, we provide a more detailed de-
scription of the available features per feature area,
including references to relevant literature introduc-
ing or describing them.

Surface-Level Features provide structural char-
acteristics of the texts. The package provides ex-
traction of the sequence length (characters; both
with and without whitespaces), number of tokens,
sentences, types, lemmas, long words (over six
characters), and token frequencies on an item level.
Based on those, the number of tokens per sentence,
characters per sentence, and average word length
can be extracted.

Readability Features were proposed to mea-
sure the complexity of texts. Following the
readability python package12, the package ex-
tracts the Gunning fog index, ARI, Flesch read-
ing ease, and Flesch-Kincaid grade level (Kincaid
et al., 1975), the Cole-Liau index (Coleman and
Liau, 1975), SMOG (Mc Laughlin, 1969), LIX
(Björnsson, 1968), and RIX (Anderson, 1981). Ad-
ditionally, the package provides extraction of the
basic features necessary for calculating these read-
ability scores: The number of syllables in a text,
words with only one syllable, and words with more
than two syllables.

Psycholinguistic Norm Features measure
words’ cognitive, social, and sensorimotor ground-
ing. We use concreteness norms13 (Brysbaert
et al., 2014), i.e. how concrete or abstract is a

12https://github.com/andreasvc/readability
13All of the cited norms here are in English. Find the

full list of currently supported languages per psycholinguistic
dimension, including references in Appendix B. We regularly
add more.

given word, word prevalence norms (Brysbaert
et al., 2019), i.e. how well-known/-used is a
word, Age-of-Acquisition norms (Kuperman et al.,
2012), i.e. at what age do children learn a given
word, Socialness norms (Diveica et al., 2023),
i.e. how socially relevant is a words’ meaning,
Iconicity norms (Winter et al., 2024), i.e. to
which degree the sound of a word reflects its’
meaning, and Sensorimotor norms (Lynott et al.,
2020), i.e. how connected a words’ meaning is
to perceptual modalities (e.g. visual) and action
effectors (e.g. arm/hand). Per item and for each
norm, the package implements the extraction of
the average rating of all tokens from the item in
the norm lexicon, their average standard deviation
in the ratings, the number of tokens with a high
rating (upper third of the Likert scale), a low rating
(lower third of the scale), and the number of tokens
with a particularly high standard deviation (such
that the ratings span over multiple thirds of the
scale).

While the norms are collected for individual
words without context, these features are included
to measure potential effects of the presence of
words with a particular grounding or ambiguity
thereof.

Part-of-Speech Features. Per item, the package
provides extraction of the number of tokens per uni-
versal dependencies POS tag (de Marneffe et al.,
2021), the number of lexical tokens (nouns, verbs,
adjectives, and adverbs), and the POS variability
(number of different POS tags relative to the num-
ber of tokens).

Lexical Richness Measures provide informa-
tion about how lexically diverse a given text is.
Intuitively, the more lexically rich a text is, the
more different words a text contains. Follow-
ing the lexicalrichness python package (Shen,
2022), per item, elfen allows for the extraction
of the type-token ratio (TTR) (Templin, 1957),
root TTR (Guiraud, 1954), corrected TTR(Carroll,
1964), Herdan’s C(Herdan, 1964), Summer’s TTR,
Dugast’s Uber index(Dugast, 1978), Maas’ TTR
(Mass, 1972), Yule’s K (Yule, 1944), Herdan’s Vm

(Herdan, 1955), Simpson’s D (Simpson, 1949),
mean segmental TTR (Richards and Malvern,
1997), moving average TTR (Covington and and,
2010), measure of textual lexical diversity (MLTD,
McCarthy and Jarvis, 2010), and the hypergeo-
metric distribution diversity (HD-D, McCarthy
and Jarvis, 2007, 2010). Additionally, the lo-
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cal and global numbers of hapax (dis)legomena
(i.e. the number of words per item that occur
only once/twice per item/globally in the dataset),
Sichel’s S (Sichel, 1975), and the lexical density,
i.e., the percentage of lexical tokens (Linnarud,
1987) are extractable.

Morphological Features. elfen allows for the
extraction of the number of tokens with a given
morphological feature for all available universal
dependencies morpho-syntactic features (de Marn-
effe et al., 2021).

Information-Theoretic Features. As a measure
of redundancy or formulaicity, following Moreira
and Bizzoni (2023), elfen implements the com-
pressibility of the text per item. The compressibil-
ity is defined as the bit length of the compressed
text divided by the bit length of the uncompressed
text. elfen implements the average token Shannon
entropy per item to measure predictability.

Dependency Features provide information
about the morphosyntactic realizations of
predicate-argument structures. elfen implements
the number of dependency relation types (accord-
ing to Universal Dependencies, de Marneffe et al.,
2021), the number of noun chunks in the text, the
tree width, i.e. the maximum number of nodes
in the subtree of a token, the tree depth, i.e the
maximum distance of a token from the root of
the dependency tree, the tree branching factor, i.e.
the average number of children of a token, and
the ramification factor, i.e. the mean number of
children per level in the dependency tree.

Semantic Features. To measure the impact of
token-level ambiguity/polysemy on the text, we ex-
tract Open Multilingual Wordnet synsets (Bond and
Foster, 2013) for all nouns, adjectives, and verbs
using the wn python library (Goodman and Bond,
2021). Given these synsets, per item, we extract
the average size of the synsets, the number of to-
kens with a large synset (more than four senses),
and the number of tokens with a small synset (less
than three senses) for nouns, adjectives, and verbs,
respectively, and overall.

We extract the number of hedges14 (i.e., words
expressing speaker uncertainty; e.g., might, pre-
sumably, or maybe) and the hedge-token ratio per
item as a measure of the presence of uncertainty
expressions in the text.

14https://github.com/words/hedges

Named Entity Features. Per item, we extract
the number of named entities overall and per entity
type (e.g. names, locations, organizations, etc.).

Emotion and Sentiment Features. To measure
the effects of the occurrence of words commonly
associated with/evoking a given emotion or sen-
timent, we use the NRC-VAD lexicon (Moham-
mad, 2018a) for valence, arousal, and dominance,
the NRC emotion intensity lexicon (Mohammad,
2018b) for the emotion intensity per basic emo-
tion (anger, anticipation, disgust, fear, joy, sadness,
surprise, trust), and the NRC word-emotion associ-
ation lexicon (Mohammad and Turney, 2010, 2013)
for sentiment. Per item and emotion dimension, we
extract the average rating of all tokens from the
item in the emotion lexicon, the number of tokens
with a high rating, and the number of tokens with a
low rating. For sentiment, per item, we extract the
number of positive and negative sentiments, and
the difference between them, normalized by the
total number of tokens in the item.

B Norms/Lexicons per Language

Table 4 gives an overview of the availability of
currently (v1.2.4) supported languages per psy-
cholinguistic variable.

Variable Language Reference

Concreteness

DE Kanske and Kotz (2010)
EN Brysbaert et al. (2014)
FR Bonin et al. (2018)
IT Montefinese et al. (2014)

Age of Acquisition
DE Schröder et al. (2011)
EN Kuperman et al. (2012)
IT Montefinese et al. (2019)

Sensorimotor
EN Lynott et al. (2020)
IT Vergallito et al. (2020)

Table 4: Psycholinguistic norms included in elfen
v1.2.4.

C Additional Code Examples

Figure 6 gives an additional code example for nor-
malization and rescaling. Figure 7 gives a code
example of utilities included in elfen.

D Extraction of MMLU-Pro and
BigBench Hard

We extract both MMLU-Pro and BigBench Hard
on an Apple MacBook Pro with 24GB RAM and an
Apple M4 chip. Table 5 shows the preprocessing
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# rescale "n_tokens" to a range between 0 and 1

extractor.rescale("n_tokens",

minimum = 0,

maximum = 1)

# token-normalize "n_entities"

extractor.token_normalize("n_entities")

# normalize all features to a mean 0 std 1

extractor.normalize("all")

Figure 6: Code examples of token and zero-mean nor-
malization, and rescaling.

# list all external resources available in elfen

elfen.list_external_resources()

# get a bibtex string for all resources

print(elfen.get_bibtex())

Figure 7: Code examples for utilities.

and extraction times with the number of instances
per dataset.

Dataset Size Preprocessing Extraction

MMLU-Pro 12,032 86.07s 812.86s
BigBench Hard 6,511 67.25s 453.96s

Table 5: Preprocessing and extraction times for MMLU-
Pro and BigBench Hard.

E Full Results Use Cases

This section presents the full results for the use
cases in section 4.

E.1 Full Mantel Results
Table 6 provides the full Mantel test results of the
analysis use case in Section 4.2.1.

E.2 Full Morphological Feature Comparison
Table 7 provides the full descriptive statistics for
the analysis of morphological features in the use
case presented in Section 4.2.1.

Feature Group Mantel p-value

Surface 0.925 0.005
Morphological 0.430 0.000
Dependency 0.304 0.000
Emotion 0.444 0.000
Lexical Richness 0.735 0.000
POS -0.026 0.785
Psycholinguistic 0.706 0.000
Readability 0.958 0.000
Semantic 0.555 0.000
Named Entities 0.519 0.004

All 0.481 0.000

Table 6: Mantel correlations including p-values per fea-
ture area between the correlation matrices of BigBench
Hard and MMLU-Pro.
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BigBench Hard MMLU-Pro

Feature µ σ min max µ σ min max

n_NOUN_Number_Plur 0.00 0.00 0.00 0.01 0.05 0.05 0.00 0.67
n_VERB_VerbForm_Inf 0.00 0.00 0.00 0.01 0.02 0.03 0.00 0.33
n_PRON_Number_Sing 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.22
n_VERB_VerbForm_Part 0.00 0.00 0.00 0.02 0.03 0.04 0.00 0.50
n_PROPN_Case_Nom 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03
n_PROPN_Number_Sing 0.00 0.00 0.00 0.03 0.05 0.06 0.00 0.62
n_VERB_Mood_Ind 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.25
n_PRON_Case_Acc 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.14
n_PRON_PronType_Prs 0.00 0.00 0.00 0.01 0.01 0.03 0.00 0.23
n_PUNCT_PunctType_Dash 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.22
n_NOUN_Number_Sing 0.00 0.00 0.00 0.03 0.19 0.08 0.00 1.00
n_PRON_Case_Nom 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.18
n_PUNCT_PunctType_Peri 0.00 0.00 0.00 0.01 0.05 0.03 0.00 0.33
n_DET_Number_Sing 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.10
n_PRON_PronType_Dem 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.17
n_PRON_PronType_Ind 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.12
n_VERB_Aspect_Prog 0.00 0.00 0.00 0.01 0.01 0.03 0.00 0.50
n_ADJ_Degree_Pos 0.00 0.01 0.00 0.05 0.06 0.05 0.00 0.50
n_PRON_Reflex_Yes 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.11
n_PRON_Gender_Masc 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.15
n_CCONJ_ConjType_Cmp 0.00 0.00 0.00 0.04 0.02 0.03 0.00 0.36
n_VERB_Person_3 0.00 0.00 0.00 0.01 0.01 0.03 0.00 0.33
n_PRON_Person_1 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.21
n_PRON_PronType_Art 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.33
n_VERB_Tense_Pres 0.00 0.00 0.00 0.01 0.03 0.04 0.00 0.50
n_DET_Definite_Def 0.00 0.00 0.00 0.01 0.07 0.05 0.00 0.33
n_PUNCT_PunctType_Quot 0.00 0.00 0.00 0.01 0.00 0.02 0.00 0.36
n_PUNCT_PunctType_Comm 0.00 0.00 0.00 0.01 0.02 0.03 0.00 0.37
n_PRON_Gender_Neut 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.17
n_VERB_Aspect_Perf 0.00 0.00 0.00 0.01 0.02 0.03 0.00 0.50
n_PROPN_Number_Plur 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.17
n_PRON_Gender_Fem 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.18
n_VERB_Number_Sing 0.00 0.00 0.00 0.01 0.01 0.03 0.00 0.33
n_VERB_Tense_Past 0.00 0.00 0.00 0.01 0.03 0.03 0.00 0.50
n_PUNCT_PunctSide_Fin 0.00 0.00 0.00 0.04 0.01 0.03 0.00 0.33
n_PUNCT_PunctType_Brck 0.00 0.01 0.00 0.07 0.02 0.04 0.00 0.46
n_ADJ_Degree_Sup 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.25
n_PRON_Poss_Yes 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.17
n_PRON_Person_3 0.00 0.00 0.00 0.01 0.01 0.02 0.00 0.18
n_NUM_NumType_Card 0.00 0.00 0.00 0.02 0.05 0.06 0.00 0.68
n_PRON_PronType_Rel 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.20
n_PRON_Person_2 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.22
n_DET_Definite_Ind 0.00 0.00 0.00 0.01 0.03 0.04 0.00 0.50
n_ADJ_Degree_Cmp 0.00 0.00 0.00 0.01 0.00 0.01 0.00 0.25
n_DET_Number_Plur 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.12
n_VERB_VerbForm_Fin 0.00 0.00 0.00 0.01 0.03 0.03 0.00 0.40
n_PRON_Number_Plur 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.21
n_PUNCT_PunctSide_Ini 0.00 0.00 0.00 0.04 0.01 0.02 0.00 0.33

Table 7: Full overview of statistics (mean µ, standard deviation σ, min and max) comparing BigBench Hard and
MMLU-Pro on morphological features.
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