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Abstract

Detecting linguistic structures in textual data
is a prerequisite for computational linguistics
research and specialized applications, for ex-
ample in education. Existing libraries have
shortcomings with respect to reusability, multi-
linguality, and robustness. We argue that a core
reason is the missing separation of detection
(where in the text?) from quantification (how
often?). We identify a set of design principles
that linguistic structure extraction should fol-
low and review existing libraries accordingly.
The identified gap is filled with a fully open-
source and open-resource prototypical imple-
mentation called LIFT.

1 Introduction

Detecting and quantifying linguistic structures in
textual data is a prerequisite for many flavors of
computational linguistics research in general, but
also for a variety of applications, most prominently
in the educational domain, with tasks such as stu-
dent feedback on errors (Ng et al., 2014), CEFR
level classification (Pilán and Volodina, 2018; Kerz
et al., 2021), essay scoring (Uto et al., 2020), lexi-
cal sophistication classification (Kyle et al., 2018),
or coherence and cohesion measurement (Crossley
and McNamara, 2011; Ding et al., 2024). However,
linguistic structures also play an important role
in building explainable systems in other domains
such as fake news detection (Pérez-Rosas et al.,
2018), authorship attribution (Stamatatos, 2009),
or dementia detection (Peled-Cohen and Reichart,
2025). Even in the era of LLMs, linguistic struc-
tures remain important. As has been pointed out
by Opitz et al. (2024), NLP relies on linguistics
in many ways, for example, one important way to
judge LLM capabilities is to measure how well they
capture linguistic structures.

So as we are convinced that linguistic structures
are still relevant, our focus lies in enabling practical
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Figure 1: Separating identification and quantification of
linguistic structures

usability (in the form of a concrete implementa-
tion) and to increase reusability by separating the
detection of linguistic structures from their quan-
tification, which are often called features. This
distinction can be seen in Figure 1.

As our (deliberately simple) running example,
consider a method for finding the number of fi-
nite verbs per sentence. One might be tempted to
quickly implement it without separating identifi-
cation from quantification, e.g. by iterating over
all tokens and counting how often we see a POS
tag from the set {VBD,VBP,VBZ}. This implicitly
assumes that: (i) we are dealing with English and
(ii) the underlying text is POS-tagged in PTB-style.
Such an implementation impedes, among other as-
pects, reusability and a multi-lingual design. We
argue that a better design principle is to separate
identification and quantification as described in the
next section. Taking secondary design principles
outlined later in the paper into account as well leads
us to a prototypical architecture for extracting lin-
guistic structures from text in (almost) arbitrary
languages in a structured and reusable way. As we
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will show in a comparison with existing libraries
this fills a gap in the landscape.

2 Separating Identification and
Quantification

Our main argument is that a library for detecting lin-
guistic structures should separate (as much as pos-
sible) identification of structures from their quan-
tification in the form of features.

Core 1: Separation of Concerns

Identification and quantification should be separated.

We define linguistic structures as any concepts
that are realized in the text, while features refer to
the quantification of these structures. Following
this distinction, the first step in our ‘finite verbs’
running example would be to find all finite verbs
and anchor them in the text. The second step would
be quantification, e.g. counting the number of finite
verbs in each sentence and averaging this over all
sentences in a given text. Once a linguistic struc-
ture is detected and anchored it may be reused,
as finite verbs play a role in detecting other lin-
guistic structures like argument structure (subjec-
t/object). Separating structures and features also
helps following the DRY (Don’t repeat yourself)
principle (Hunt and Thomas, 2000), because ev-
ery classical feature extractor has to re-implement
some kind of counting logic, while this should be
generalized in quantification code which is being
reused across structures. For example, counting the
number of finite verbs and counting the number of
tokens should use the same code for counting, i.e.
code that receives as parameter a certain structure
type and then counts how often it occurs.

The issue of not separating identification and
quantification is not just a theoretical possibil-
ity, but happens in practice. For example, the
Flesch reading ease measure (Flesch, 1948) inter-
nally relies on syllables (a relevant linguistic struc-
ture). Most implementations violate the identifica-
tion/quantification distinction, i.e. they internally
count syllables, but from the outside there is no
way to retrieve those syllables. This makes these
implementations hard to transfer to a different lan-
guage and less useful, as the syllable knowledge
cannot be reused for other purposes.

However, there are also counterexamples where
the separation might not be practical. Consider e.g.
a lexical diversity measure like type-token-ratio
(TTR) that is defined as the number of unique to-

kens divided by the number of all tokens in a text.
It is debatable whether ‘unique tokens’ is a linguis-
tic structure and where it should be anchored in the
text. We argue that deduplication / set conversion
is an operation on the quantification layer.

Span Granularity Being able to localize struc-
tures like spelling errors or syllables requires span
identification with (at least) character-level granu-
larity, while some libraries only output token off-
sets.

Core 2: Span Granularity

A linguistic structure should be identified by offsets
into the source document, and the offset unit (e.g.
Unicode code points, UTF-16 code units, or extended
grapheme clusters) must be specified.

However, what users might perceive as charac-
ters, i.e. grapheme clusters rendered on a screen,
is not always identical to what is represented as
Unicode code points. For example, the sequence
‘fi’ may be encoded as two code points f (U+0066)
followed by i (U+0069), while the font may render
them as a single ligature glyph. Less commonly,
the same visual result may be encoded as the single
compatibility code point U+FB01. In that case, it
is impossible to address the f as a separate code
point unless the text is first normalized

The situation is further complicated by the fact
that many user-perceived characters, e.g. letters
with combining marks, emoji with skin-tone mod-
ifiers, or zero-width joiner emoji sequences, are
multi-code-point grapheme clusters. Character-
offset spans defined over code points may there-
fore split what users perceive as a single character,
while spans defined over grapheme clusters are not
directly equivalent to code-point indexing.

The picture is complicated even more because
different programming languages and APIs define
‘string offsets’ differently; some use Unicode code
points (Python), many web APIs use UTF-16 code
units, and others use UTF-8 byte offsets. Thus, the
same numeric offset may refer to different positions
unless the offset scheme is explicitly defined.

Identification vs. Preprocessing Structure iden-
tification is closely related to what is often called
linguistic preprocessing, i.e. enriching the text with
linguistic information. The exact dividing line
is blurry, but we consider as pre-processing any
step where detecting structures is canonically in-



tegrated in existing tools, such as SPACY1 (Hon-
nibal et al., 2020) or STANZA (Qi et al., 2020)
for Python, CORENLP (Manning et al., 2014) or
DKPROCORE (Eckart de Castilho and Gurevych,
2014)) for Java, and TIDYTEXT (Silge and Robin-
son, 2016) or QUANTEDA for R. For most lan-
guages, this preprocessing includes the annotation
of basic linguistic structures like Token, Sentence,
POS, or Dependency annotations.

2.1 Related Libraries

Most libraries only output quantifications in form
of features, especially for measuring linguistic
complexity, without annotating any corresponding
structures. Examples include Coh-Metrics (McNa-
mara et al., 2014), L2 Syntactic Complexity Ana-
lyzer - L2SCA (Lu, 2010) and its fork NEOSCA
(Tan, 2024), and several tools from the Suite of
Automatic Linguistic Analysis Tools2 that only cre-
ate features, e.g. TAALES (Kyle et al., 2018) for
lexical sophistication or TAASSC (Crossley et al.,
2017) for syntactic sophistication and complexity.
A special form of linguistic complexity measures
are readability formulas in implementations like
TEXTSTAT 3 in Python. STYLO (Eder et al., 2016)
provides stylometric analysis in R. ELFEN (Mau-
rer, 2026) focuses on efficiency and outputs quan-
tification for a wide range of features in multiple
languages, but has no separation of structures.

There are other libraries that focus on creat-
ing structures e.g. as annotation-by-query like
CSNIPER (Eckart de Castilho et al., 2012) or using
automatic annotation functionality within tools like
INCEPTION (Klie et al., 2018).

We are not aware of any libraries fully following
through with the separation of identification and
quantification. LFTK (Lee and Lee, 2023) only pro-
vides implementations for English and only a weak
separation of structures and quantification, which
would almost require a full re-implementation to
support other languages. CTAP (Chen and Meurers,
2016) measures text complexity but also has quite
weak separation.

UIMA-based (Ferrucci and Lally, 2003) libraries
like CTAP, POLKE, and PALME internally all work
with span prediction even if they might not explic-
itly expose those to users.

1https://spacy.io/
2https://www.linguisticanalysistools.

org/
3https://textstat.org/

LLMs LLMs have been shown to have limited
meta-linguistic knowledge (Beguvs et al., 2023)
and limited abilities to identify more complex lin-
guistic concepts in texts, like argument structure
(Wilson et al., 2023). However, capabilities are
rapidly evolving and their zero-shot and few-shot
abilities make them interesting for the identifica-
tion of structures. Most frameworks (including
LLM-based extraction in general) do not explicitly
predict spans of identified structures in the text, al-
though there are works discussing such capabilities
(Semin et al., 2026).

Coverage It is very hard to compare the scope
of existing libraries. Many libraries list as one of
their core properties the number of implemented
features (i.e. a structure identification together with
its quantification) with figures in the hundreds or
even thousands. However, due to the multiplicative
nature of the (structures × quantification) feature
space, such numbers tend to be rather meaningless.
For example,

average_number_of_[POS]_per_sentence

already yields 45 features for an English tagset and
almost 300 for Chinese.4 Adding another deriva-
tion

total_number_of_[POS]

doubles that number.
A more meaningful discussion of coverage

should focus on languages, breadth and depth of
structure identification, and flexibility of quantifi-
cation.

3 Supporting Design Principles

While core principle 1 (separation of identification
and quantification) and core principle 2 (span gran-
ularity) are central to enable fine-grained reusable
extraction, we now identify and discuss supporting
design principles that are downstream of those core
design decisions or apply to research software in
general.

3.1 Configuration Over Code

A key concept how the envisioned separation of
identification and quantification can be facilitated
is to rely on configuration as much as possible.

4Tagset size numbers according to (Petrov et al., 2012).
Your tagset version might vary.
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Supporting: Configuration Over Code

Wherever possible use configuration files instead of
code.

A straightforward way to implement the check for
POS tags encoding finite verbs in English would
be:

is_finite = pos in {"VBD", "VBP", "VBZ"}

However, directly encoding this logic limits
reusability and is hard to maintain. Alternatively,
we may rely on configuration files that can be
edited more easily. Another advantage is that multi-
ple languages can be easily supported by providing
a configuration file for each language.

For more complex structures, simple lists as in
our finite verb example are insufficient. A possible
solution are rule languages (or pattern-languages)
like UIMA RUTA (Kluegl et al., 2014) or spaCy
Matcher.5 The corresponding scripts can be stored
in configuration files that are loaded and executed
by a generic rule execution component.

For example, POLKE6 (Pedagogically Oriented
Language Knowledge Extractor) (Chen and Sa-
girov, 2025) encodes the rules for annotating gram-
matical constructs according to the English Gram-
mar Profile (O’Keeffe and Mark, 2017) in RUTA
scripts (Kluegl et al., 2014) stored as plain text files.
Löfflad et al. (2025) use the same design for a sys-
tem called PALME making steps towards a German
Grammar Profile.

Programming Language Most libraries are writ-
ten in one specific programming language only,
often Python, Java, or R, some older or efficiency-
oriented libraries also in C. To our knowledge, there
are no cross-programming-language libraries avail-
able and there is generally very little exchange
across programming language boundaries. In con-
trast, accessing a configuration file from one pro-
gramming language or another is simple, so relying
on configuration over code decreases the depen-
dence on a specific programming language.

3.2 Open Source & Open Resource

To be really reusable and to allow for replicable
research a library should be open source and open
resource, i.e. not only the source code should be
open, but also the linguistic resources and models
it relies on. This is especially important as with re-

5https://spacy.io/api/matcher
6https://github.com/chxiaobin/polke

lying heavily on configuration, the focus is shifting
from the ‘glue code’ to the resources.

Supporting: Open Science

A library should make both code and resources
openly available.

An example for the distinction is READER-
BENCH (Dascalu et al., 2013) which is open source,
but ships without resources and could not be made
functional by us. Another example is the often used
LIWC7 that relies on a proprietary lexicon.

For libraries like the mostly Spanish UMU-
TEXTSTATS (García-Díaz et al., 2022) that are not
open source, we are not even able to judge whether
they might follow the design principles outlined in
this paper.

3.3 Integrated Preprocessing

While it would be ideal to make preprocessing
configurable, we consider the resulting increase
in complexity unmanageable and the potential in-
crease in performance marginal. We thus take the
opinionated stance that:

Supporting: Integrated Preprocessing

Preprocessing should be integrated to reflect a tight
coupling between core and derived linguistic struc-
tures.

A main reason is that identifying structures often
depends on preprocessing assumptions, like in our
running example that lists finite verb POS tags us-
ing the English PTB tagset that matches the prepro-
cessing.

3.4 Multi-Linguality

As with many fields, most libraries are focused on
English and not designed with multi-linguality in
mind (e.g. hard-coded paths to English resources,
implicit assumptions about linguistic phenomena,
etc). Consequently, there are very few truly multi-
lingual libraries.

Beyond English, other mono-lingual ones exist,
e.g. PALME (Löfflad et al., 2025) for German or
bi-lingual libraries like TRUNAJOD (Palma et al.,
2020) for English and Spanish.

An exception are linguistic complexity or read-
ability measures that often only use rather shal-
low linguistic knowledge and can thus be provided
more easily for many languages. For example,
TEXTSTAT provides a Python implementation of

7https://www.liwc.app
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the Flesch reading ease measure (Flesch, 1948) for
7 languages (de, en, es, fr, it, nl, ru).

Supporting: Multi-Linguality

A library should support multiple languages and be
designed with that in mind.

3.5 Test-Driven Development
In the context of research software for identifying
and quantifying linguistic structures, test-driven
development (TDD) ensures that each component
of the system is rigorously specified and validated
against expected linguistic data and outcomes.

Supporting: Test-Driven Development

Identification and quantification needs tests to ensure
robustness and maintainability.

By defining test cases that capture both typical
and edge-case linguistic phenomena, developers
can iteratively refine algorithms and data process-
ing routines, leading to more robust, reliable, and
reproducible research results. TDD also facilitates
easier maintenance and extension of the software
as new linguistic features or structures are incorpo-
rated.

4 Prototypical Implementation

In the following, we present a prototypical im-
plementation called LIFT (short for Linguistic
Features in Text) that demonstrates how adhering
to the design principles leads to a maintainable and
reusable library.

4.1 Separating Identification and
Quantification

LIFT comes with a number of structure annota-
tors that showcase the design principles outlined
above. Custom ones for structures that are not yet
supported can easily be added.

Structure Identification In Figure 2 we give an
example for an implementation of a component
identifying ‘easy words’ as defined in a list of sim-
ple words that language learners should know. This
is a complete example with the necessary imports
in lines 1–5. Line 7 is the decorator declaring that
this structure extractor (SE) only works for English.
In the constructor, the SE declares where to find
the list with the English easy words and calls the
base classes (e.g. reusing code for reading the list,
registering the languages, etc.), and declares an ad-
hoc type for this structure (so that we can retrieve

it later). The _process() method is called for ev-
ery document and reads the easy words from the
resource. Note that of course it would be more
efficient to only load the list once in the construc-
tor, but SEs that support more than one language
decide which language (and consequently which
list) to use for each document (from its meta-data).
Caching of loaded lists and other efficiency opti-
mization is delegated to the ListReader base class.
Note that the entries in the easy words lists are lem-
matized, thus the SE depends on preprocessing and
that lemma annotations are available in the docu-
ment. The structure extractor iterates over these
lemmas and when the lemma string is in the list of
easy words it creates an annotation to be stored in
the text representation with the same span as the
lemma, but marked as an ‘easy word’.

Structure Quantification To quantify the anno-
tated structures, LIFT can be used as a feature
extractor. Most feature extractors are generic in
that they count the number of occurrences of a cer-
tain structure, optionally normalized by the number
of another structure, such as tokens per sentence.
For example, a quantification like easy words per
tokens would look like this:

class FE_EasyWordRatio(
FEL_AnnotationRatio):

def __init__(self):
super().__init__(

FEL_AnnotationCounter(’EasyWord’),
FEL_AnnotationCounter(’Token’)

)

For our example of identifying the number of finite
verbs per sentence, we can define a ratio annotator
that compares the values of two count annotators:

class FE_FiniteVerbsPerSentence(
FEL_AnnotationRatio):

def __init__(self):
super().__init__(

FEL_AnnotationCounter(’FiniteVerb’),
FEL_AnnotationCounter(’Sentence’)

)

The two custom feature extractors can then be ap-
plied to any text:

FE_FiniteVerbsPerSentence().extract(text)
FE_EasyWordRatio().extract(text)

Span Granularity LIFT internally represents
structures in UIMA CAS format (Götz and Suhre,
2004), i.e. as stand-off annotations (Bird and Liber-
man, 2001) with character-level span offsets over
immutable source texts. Note that features (i.e.



1 from cassis import Cas
2 from anon_lib.decorators import supported_languages
3 from anon_lib.types import T_LEMMA
4 from anon_lib.annotators.api import SEL_BaseAnnotator, SEL_ListReader
5 from pathlib import Path
6

7 @supported_languages(’en’)
8 class SE_EasyWordAnnotator(SEL_BaseAnnotator, SEL_ListReader):
9 def __init__(self, language, ts=None):

10 filename = Path(__file__).parent / "resources" / "en" / "BNC_easy_words.txt"
11 SEL_ListReader.__init__(self, filename)
12 SEL_BaseAnnotator.__init__(self, language)
13

14 self.EW = self.get_type("org.anon_lib.type.EasyWord")
15

16 def _process(self, cas: Cas) -> bool:
17 easy_words = self.read_list()
18 for lemma in cas.select(T_LEMMA):
19 l_str = lemma.value
20 if l_str in easy_words:
21 easy_word = self.EW(begin=lemma.get(’begin’), end=lemma.get(’end’))
22 cas.add(easy_word)
23 return True

Figure 2: Example code for identifying the concept ‘easy word’ in a text.

quantifications over structures) are eventually also
represented as UIMA CAS annotations, but with-
out offsets (as they belong to the whole document,
but have no referent within a text).

Tool Integration For more complex cases, LIFT
directly calls external libraries that take care of
extraction. For example for time expressions we
rely on HeidelTime (Strötgen and Gertz, 2015),
for generic spellchecking on LanguageTool (Naber,
2003), and for real-word spelling errors on rwse-
checker (Zesch et al., 2025). In our integration of
these tools, the key parameters are exposed to main-
tain configurability for e.g. different languages:
SE_RWSE_Annotator(language="de",

model_name="bert-base-multilingual-
uncased", confusion_sets=
confusion_sets)

If a tool does not return span offsets, LIFT provides
a generic module that matches found structures to
the text.

LLM Integration Using LLMs for finding lin-
guistic structures is a special case of tool integra-
tion and supported by a generic component that
handles LLM access and links results back to the
text. The prompt and all parameters are provided
via configuration files.

Visualization Examples A direct consequence
of identifying structures as precise text spans is

that they can easily be visualized for example as
feedback or diagnostic tools for language learners
and teachers. Figure 3 provides examples. Span vi-
sualization supports multiple structures at the same
offsets (see Figure 3d for an example) as wells
as overlapping structures. As a code example for
visualizing finite verbs, we instantiate a SpacySpan-
Visualizer and customize it to display finite verbs
in a specific style:

span_vis = SpacySpanVisualizer(ts)
span_vis.selected_span_type = highlight
span_vis.add_type(T_FINITE_VERB, label=

"FiniteVerb", color="#F4C7C3")
html = span_vis.visualize(cas)

Apart from spans, it is also possible to visualize
more complex annotation types such as dependen-
cies (see example in Figure 3e).

4.2 Configuration over Code

To showcase the versatility of configuration, we
implement prototypical variants e.g. based on lists
or dictionaries, our running example of the finite
verb extractor being one example. Using the same
principle we also include examples for modal verbs,
discourse connectives, out-of-vocabulary tokens,
easy words, word frequencies, etc.

For more complex structures, we also include
examples of RUTA patterns, e.g. for finding nomi-
nalizations in German:



(a) French token frequency

(b) Slovene finite verbs

(c) POS tags with input field and automatic language detection.

(d) German finite verbs and spelling errors in the same visual-
ization.

(e) Visualization of German dependency parsing.

Figure 3: Examples of visualization outputs (a–d).

Lemma{REGEXP(Lemma.value, ".+(heit|keit|
ment|mus|nis|schaft|tät|tion|tum|ung
)$")

-> CREATE(Structure, \"name\"=\"
Nominalization\" )};

Other (more complex) examples included in LIFT
are scripts for subordinating clauses, passive con-
structions, or indirect speech.

Programming Languages A positive side effect
of having most of the heavy lifting in the configura-
tion is that one can rather easily switch to another
implementation. With LIFT it is even possible to
mix programming languages. For example, if a
hard-to-replace module for finding some linguis-
tic structure in a low-resource language is only
available in Java, one can identify the structure in
Java and export the corresponding document file (in
UIMA CAS format). Then another Python-based
pipeline can add more structures and compute the
feature quantification.

4.3 Integrated Preprocessing
For preprocessing, we mainly rely on spaCy. LIFT
takes care of mapping tagsets or converting be-
tween the spaCy representation and the UIMA-
based representation used in LIFT.

Basic linguistic categories such as tokens, sen-
tences, POS tags, lemmata, dependencies and such
are covered by the linguistic preprocessing compo-
nents. With our integration of spaCy preprocessing
this is as easy as calling:

lang = detect_language(text)
spacy = Spacy_Preprocessor(language=lang)
cas = spacy.run(text)

The returned CAS is then ready for annotation
with linguistic structures that build on the prepro-
cessing. In terms of our running example pertaining
to finite verbs, the text would now have the POS
tags that are required to identify finite verbs.

For cases that require specific preprocessing
tools not covered in the standard pipelines, it re-
mains possible to provide one’s own preprocessing
results and feed them into an LIFT pipeline, but
this may break compatibility with existing com-
ponents. For example, a externally provided POS
tagger might return a POS tagset that is incompati-
ble with the list of finite verb POS tags as discussed
above.

4.4 Multi-Linguality
LIFT is designed with a multi-lingual perspective.
It does not make any assumption that English is



the default. Each document to be processed must
declare its language scope (in the form of ISO 639
codes). However, we also provide a language iden-
tification process that can be used for automation.

Most features (counting, ratios, etc.) are im-
plemented language-agnostic, but challenges arise
when it comes to structures. Some structures are
not as important in some languages (e.g. morphol-
ogy in English vs. German). Some structures
might not exist in a language, e.g. there is no clear
finite/infinite distinction in Chinese verbs. Thus, in
LIFT, a structure detector declares, in the form of
decorators, for which languages it is defined.

As we rely on configuration, a multi-lingual
structure detector relies on language-specific con-
figuration files. For example in German, finite
verbs are coded as VAFIN, VVFIN, or VMFIN
in STTS tagset, while in English it is VBD, VBP,
or VBZ in the PTB tagset.

4.5 Test-Driven Development

LIFT relies heavily on test-driven development, i.e.
there is at least one unit test for each structure or
feature extractor (usually multiple ones). These
tests are also part of the documentation, providing
examples of how to use the framework.

In a test, we try to cover edge cases (‘what hap-
pens if a structure is not present in a text?’), doc-
ument design decisions related to language (‘is
aujourd’hui counted as one token or two?’ or ‘is
punctuation a token?’).

4.6 Open-Source & Open-Resource

All the code in LIFT is made open-source under
Apache license, version 2.8 However, as we have
explained above, we consider the code the less
interesting part of the library, as we heavily rely
on configuration files and language resources in
LIFT. So it is very important that everything else is
also open-resource, i.e. models, configuration files,
rule sets, etc. are also openly distributed under CC
BY 4.0 (unless the underlying resource imposes a
different license).

Currently, LIFT is actively used in research
projects at different universities and institutes.
Growing the developer and user base is an impor-
tant goal, but continued maintenance of research
libraries remains an unsolved problem. This publi-
cation is part of the public outreach.

8https://github.com/zesch/linguistic-f
eatures-in-text

5 Conclusion

Starting from the observation that there is little
reusability of existing frameworks for detecting
linguistics structures in text, we argue that this is
largely due to a missing separation between iden-
tifying where a structure occurs and quantifying
how often it occurs. We therefore propose a set
of core and supporting design principles, most
importantly separation of concerns and character-
level span anchoring, to make linguistic structure
extraction reusable. We instantiate these princi-
ples in LIFT, a prototypical open-source and open-
resource framework that represents identified struc-
tures as stand-off span annotations and builds most
quantifications via generic, composable feature ex-
tractors. By emphasizing configuration over code
and integrating preprocessing, LIFT aims to lower
the cost of extending coverage to new languages
and phenomena while keeping components main-
tainable and comparable. We expect that making
structures explicitly retrievable, rather than only
exposing derived numbers, will also improve trans-
parency, enable richer visualizations, and support
downstream applications such as educational feed-
back and explainable NLP. Future work will focus
on broadening the inventory of structure annota-
tors and resources, strengthening evaluation and
testing across languages, and refining interfaces
for tool and LLM integration while preserving the
identification/quantification split.

Limitations

Separating identification and quantification comes
with trade-offs in terms of computational efficiency.
If one really only needs quantifications for a very
large set of documents, an implementation disre-
garding this design principle might be faster.
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