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Abstract

Most tools for measuring syntactic complex-
ity were built for written English, and learner
speech, like comparisons across languages, has
received far less attention. We present an open
pipeline, anchored in Universal Dependencies
(UD), that extracts nominal constructions from
transcribed speech and applies a single set of
metric definitions to every language it pro-
cesses. We test it on the Corpus InterLangue
(CIL), a comparable spoken corpus of learner
French and learner English, and on the spoken
part of the International Corpus of English –
Great Britain (ICE-GB) as a native baseline.
As a result ,learner English shows more phrasal
complexity than learner French, which leans
on appositive and looser structures. Against
native speakers the picture changes. Natives
pack complexity into the noun phrase, while
learners spread it across longer, flatter struc-
tures. Against manual gold standards, extrac-
tion reaches strict F1 scores between .79 and
.95, depending on the corpus, and group differ-
ences are tested with Mann–Whitney U tests
and Cliff’s delta. The tool and its metric defini-
tions are openly available.

1 Introduction

1.1 Motivation and research gap

Complexity research in second language acquisi-
tion (SLA) traditionally relied on global measures
such as sentence length, subordination ratios and
type–token ratios (Wolfe-Quintero et al., 1998; Nor-
ris and Ortega, 2009; Lu, 2010). Such measures
are computationally undemanding but insufficiently
discriminating. Two texts can share a mean clause
length and still build their noun phrases in entirely
different ways, and that is where learner and native
production tend to diverge (Biber et al., 2011, 2020,
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2025). The automatic toolkits that compute these
indices, and finer-grained ones, were calibrated on
written English (Lu, 2010; Kyle, 2016). This leaves
two gaps open.

The first is speech. Speech is not writing with
the disfluencies taken out; it packages information
differently (Biber et al., 2011), and a metric tuned
on academic prose will show different values when
applied to a semi-guided interview. Even the unit
of analysis is unstable, because transcripts lack
the sentence boundaries of writing (Foster et al.,
2000). One of our own learner transcripts, for in-
stance, contains an unpunctuated unit of 817 words.
Parsers add their share, since those trained on L1
English alone are less accurate on spoken learner
English than those that have also seen learner data
(Kyle et al., 2022). The second gap is compara-
bility across languages. Asking whether learners
of French and learners of English behave alike re-
quires the same construct, measured the same way,
on both sides; separate tools and post-hoc align-
ments do not deliver that. Multilingual UD-based
profilers exist (Brunato et al., 2020), but they de-
scribe texts broadly, not noun phrases in particular.

This paper presents an analysis based on a tool
built for that niche. It is an open-source pipeline1

that extracts noun phrases from learner speech
and, because it is anchored in Universal Dependen-
cies (UD), measures their complexity comparably
across languages.

1.2 Research questions

Both research questions are questions about the
tool, which we test on the Corpus InterLangue
(CIL) and on ICE-GB (Section 3).

RQ1. Does the tool accurately capture differ-
ences in noun phrase complexity between learners
of French and learners of English? To answer this,

1The tool is openly available on GitLab (https://gi
tlab.huma-num.fr/lidile/constructions-n
ominales/-/tree/v0.3.0).
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we compare learner French and learner English
from the CIL, focusing on whether the tool can
detect structural differences in how complexity is
distributed within noun phrases.

RQ2. Can the tool reliably distinguish between
learner and native English in terms of noun phrase
complexity? Here, we compare learner English
from the CIL with native English from ICE-GB,
assessing whether the tool can identify develop-
mental differences in how complexity is packed
into noun phrases.

2 Theoretical Background

2.1 The shift from global to phrasal
complexity

Complexity entered SLA as one of three dimen-
sions of performance, alongside accuracy and flu-
ency (Housen and Kuiken, 2009), and for a long
time it was measured globally (Norris and Or-
tega, 2009; Bulté and Housen, 2012). Length- and
subordination-based ratios dominated developmen-
tal research (Wolfe-Quintero et al., 1998); tools
such as the L2 Syntactic Complexity Analyzer au-
tomated fourteen of them (Lu, 2010, 2011). Such
ratios trace broad developmental trends well, but
they cannot locate the point, inside the sentence,
where a learner’s grammar departs from a native
speaker’s (Biber et al., 2020).

Norris and Ortega (2009) defended an organic
view of CAF and showed that global measures do
capture large-scale developmental variation. Bulté
and Housen (2012) then took the construct apart,
separating absolute from relative complexity, and
syntactic complexity (clausal, phrasal, subclausal)
from morphological complexity. More recently,
Bulté et al. (2025) drew a sharp line between com-
plexity, a structural property of linguistic compo-
nents and their relations, and difficulty, the cog-
nitive cost of those structures. We work on the
structural side of that line.

An important move was brought forward by
Biber and Gray. Global indices, they argued, mis-
fire across registers (Biber et al., 2011; Biber and
Gray, 2016), because complexity does not sit in
the same place everywhere. It is clausal in con-
versation, whereas in informational writing it mi-
grates into the noun phrase, where phrasal compres-
sion prevails over clausal elaboration (Biber and
Gray, 2011). Learner writing follows suit. Less
proficient writers of English for Academic Pur-
poses (EAP) lean on attributive adjectives, more

advanced ones on nouns as premodifiers and on
prepositional phrases (Parkinson and Musgrave,
2014). Hence the current call to describe specific
structures and their syntactic functions instead of re-
lying on omnibus indices (Biber et al., 2020, 2025),
a call that the present paper takes up.

The Tool for the Automatic Analysis of Syn-
tactic Sophistication and Complexity (TAASSC)
turned these ideas into software (Kyle, 2016; Kyle
and Crossley, 2018). Its phrasal indices cross seven
noun phrase types, defined by function (nominal
subject, direct object, and so on), with ten de-
pendent types (determiners, adjectival modifiers,
prepositional phrases and relative clauses, among
others), which gives 66 indices in all. On TOEFL
essays they predicted writing quality better than
global and fine-grained clausal indices (Kyle and
Crossley, 2018), which made the phrase, and not
only the clause, a unit worth measuring. Section 7.1
returns to TAASSC once our own measures have
been introduced.

2.2 The noun phrase as the locus of
complexity

The noun phrase has become a privileged site for
observing complexity in SLA. Global measures
average structural differences away; noun phrase
measures keep them. Learners, for instance, may
pack less into a noun phrase and spread the same
content over appositions or separate clauses.

In spoken learner data, this often takes the form
of successive reformulations, where each noun
phrase remains short and new information is added
in a separate, loosely attached phrase instead of be-
ing embedded within the head noun phrase. Exam-
ples (1a) and (2a) come from CIL interviews, (1a)
from a French-speaking learner of English (CIL-
EFL) and (2a) from an English-speaking learner
of French (CIL-FFL); each is identified by its tran-
script code in the corresponding sub-corpus. Ex-
amples (1b) and (2b) are constructed counterparts.

(1) a. it’s like erh a sausage a big sausage
(CIL_L10_Fr_07_F_15, turn 007)
b. it’s like a big sausage

(2) a. une professeur au l’université une
professeur de littérature anglophone
(CIL_ENG_JO_86_F_10)
b. une professeure de littérature anglophone
à l’université

In (1a) and (2a), the speaker produces a first noun
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phrase (a sausage, une professeur au l’université)
and then elaborates it through an appositive refor-
mulation (a big sausage, une professeur de littéra-
ture anglophone), so that the information is spread
across several short, juxtaposed phrases. In (1b)
and (2b), the same content is integrated into a single
noun phrase through modification (big, de littéra-
ture anglophone) and embedding (à l’université).
In Universal Dependencies terms, the first strategy
surfaces as appos relations between flat phrases,
the second as amod, compound or nmod depen-
dents within a deeper phrase. Such reformulations
also occur in native speech, so the contrast is one
of degree rather than kind; it is precisely this differ-
ence in distribution that our metrics are designed
to quantify.

Measuring such contrasts automatically requires
a syntactic representation that holds across lan-
guages, and UD provides one (de Marneffe et al.,
2021), although an imperfect one. Several non-
canonical nominal phenomena still lack a standard
treatment, in English as elsewhere (Schneider and
Zeldes, 2021), and every parse-based measure, de-
pendency distance included (Liu, 2008), inherits
these gaps. This is why we treat extraction as a step
to be evaluated in its own right, not as a by-product
of parsing.

3 Data

3.1 The Corpus InterLangue (CIL) as a
testbed

To evaluate the tool, we use the CIL,2 a compara-
ble spoken corpus of learner French and learner
English developed by the LIDILE research unit
at Université Rennes 2 (Gaillat et al., 2021). We
chose it because both of its sub-corpora follow a
single protocol, in which learners of French and
learners of English performed the same tasks. The
corpus includes 292 recordings (3,014 minutes of
speech) from 146 learners, mostly at CEFR B1–B2
levels. The protocol comprises three tasks, namely
a semi-guided interview, a read-aloud task and a
written task in which learners imagine the continua-
tion of a dialogue. The transcripts are time-aligned
in ELAN (Wittenburg et al., 2006), with separate
Turn Units (TUs) for interviewers and learners,
ensuring clean separation of learner productions.
One of us took part in curating the 2025 CIL data
(character-encoding review, re-annotation of the

2https://corpusinterlangue.nakala.fr/

CIL-FFL CIL-EFL Total
(L2 French) (L2 English)

Design
Speakers’ L1 Ar, Cmn, En, Es French
Proficiency B1–B2 A2–B2a

Tasks Semi-guided interview (∼20 min),
read-aloud, written continuation
of a dialogue

Language recorded French English

Size
Speakers 128 18 146
Recordings 250 36 292
Transcripts 128 18 146
Duration (min) 2,702 316 3,014

Analysed for RQ1 (Mode A)
Texts 17 17b 34
NPs extracted 11,927 5,019 16,946

Analysed for RQ2 (Mode B)
Texts — 18
Words — 28,679
NPs extracted — 6,823

Table 1: Composition of the Corpus InterLangue (CIL)
and of the subsets analysed for each research question.
aSelf-assessed; 15 of the 18 CIL-EFL learners are at
B1 or B2. bMode A draws on 17 CIL-EFL transcripts,
Mode B on all 18.

transcriptions, anonymisation and pseudonymisa-
tion of the recordings). Table 1 gives the compo-
sition of the corpus and of the subsets analysed
for RQ1 and RQ2, which the tool handles in two
different modes (Section 4.1).

3.2 ICE-GB as a native baseline
The native baseline is the spoken component of
ICE-GB, the British component of the International
Corpus of English, compiled and fully parsed by
the Survey of English Usage at University College
London (Greenbaum, 1996; Nelson et al., 2002). It
holds 637,562 words of spoken English in 300 texts
(Table 2), of which we kept only the 99 texts of the
private-dialogue category (S1A), unscripted con-
versation, which is the register closest to an inter-
view; adding broadcast talk or scripted monologue
would have mixed part of the speech–writing con-
trast, along which nominal complexity varies most
(Biber and Gray, 2011), into the learner–native one.

4 Design and Implementation of the Tool

4.1 Overview of the pipeline
The tool extracts and measures noun phrase com-
plexity in learner productions. It is a modular
pipeline. Raw transcripts are cleaned, parsed with
UD-based models and turned into nominal con-
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ICE-GB, spoken component

Design
Speakers Adult L1 British English
Texts dated 1990–1992
Release 2 (2006), ICECUP 3.1
Annotation Fully parsed treebank

Size
Texts 300

dialogue 180 (100 private, 80 public)
monologue 120 (70 unscripted, 50 scripted)

Words 637,562
Duration >70 h
Parse trees 59,640

Analysed here (S1A)
Texts 99
Words 165,919
NPs extracted 44,025

Table 2: The spoken component of ICE-GB, used as the
native baseline.

structions, over which the metrics are computed.
Any language with a UD model can in principle go
through it.

The pipeline operates in two modes, each
tailored to specific comparison tasks. Mode
A is designed for cross-linguistic comparisons,
such as learner French vs. learner English (Fig-
ure 1). It relies on UDPipe 2 (Straka, 2018),
queried through its REST service, with models
trained on Universal Dependencies 2.17 (Straka,
2025; de Marneffe et al., 2021). To match
the spoken nature of our data, we selected
models trained on spoken treebanks, namely
french-rhapsodie-ud-2.17, trained on
the Rhapsodie treebank of spoken French
(Lacheret et al., 2014; Kahane et al., 2021),
and english-childes-ud-2.17, trained on
UD English-CHILDES, a treebank of spon-
taneous child and caregiver speech (Liu and
Prud’hommeaux, 2023; Yang et al., 2025). Mode
B compares learners and native speakers of the
same language, here learner and native English.
It runs a heavier parser, spaCy’s transformer-
based en_core_web_trf 3.8.0 (Honnibal et al.,
2020), built on RoBERTa (Liu et al., 2019), which
the denser noun phrases of native spoken English
call for.

Both modes share the same six steps, namely
input, cleaning, parsing, CoNLL-U structuring,
nominal-construction extraction, and mapping to a
canonical model. Comparability rests on the last of
these. The metric code never reads a parser’s raw
output, only the canonical records, so that changing

Input text (English)

Cleaning

Parsing with UDPipe 2:
english-childes-ud-2.17

via REST API

CoNLL-U formatting

NP extraction

NP adapter

Input text (French)

Cleaning

Parsing with UDPipe 2:
french-rhapsodie-ud-2.17

via REST API

CoNLL-U formatting

NP extraction

NP adapter

Mode A: English / French

Canonical model (pivot)
type NominalConstruction, anchored to UD

Metric system
Measurements common to English and French

Output
CSV / JSON / HTML: metrics, taxonomy and comparison table

Figure 1: The Mode A pipeline. Each language
is cleaned, parsed with UDPipe 2 and converted to
CoNLL-U separately; language-specific adapters then
map the extracted noun phrases onto a shared canonical
model anchored to Universal Dependencies, from which
the same metrics are computed for both languages.

the parser or the language leaves the metric defini-
tions untouched. CoNLL-U, the plain-text format
of UD treebanks,3 stores one token per line in ten
tab-separated fields (index, form, lemma, universal
part of speech, language-specific tag, morphologi-
cal features, head, dependency relation, enhanced
dependencies and a free MISC field); every parse
reaches the extraction step in that form.

4.2 Nominal-construction extraction in Mode
B

With English on both sides, Mode B is free to use
measures that have no French counterpart and to
rely on spaCy’s transformer-based English parser
(Section 4.1). That does not make the parse trust-
worthy on spoken learner data, for the reasons
given in Sections 1.1 and 2.2. Mode B therefore
never reads noun phrases straight off the tree. It
extracts them through a constrained procedure and
checks the result against a gold standard (Figure 2;
Section 5).

Each input is parsed by spaCy and written as en-

3https://universaldependencies.org/fo
rmat.html
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Input texts
learner English (CIL)

Text preparation
chunk_text: head-

ers, turn prefixes

Parsing with spaCy
en_core_web_trf 3.8.0

CoNLL-U formatting

Extraction: high recall
+ PP-attachment check

Precision cascade CF0–CF4
+ row enrichment

Input texts
native English (ICE-GB)

Text preparation
chunk_text: head-

ers, turn prefixes

Parsing with spaCy
en_core_web_trf 3.8.0

CoNLL-U formatting

Extraction: high recall
+ PP-attachment check

Precision cascade CF0–CF4
+ row enrichment

Mode B: learner / native English

Canonical enriched NP rows: span, head, in-
ternal structure, counts, grammatical function

Metric system: complexity taxonomy, Families 1–5, 28 indicators

Cross-corpus comparison: deltas, Jensen–Shannon
divergence, Family 6 native-likeness, statistics

Output: CSV / JSON / Markdown / HTML
(metrics, taxonomy, comparison tables)

Figure 2: The Mode B pipeline. Learner (CIL) and na-
tive (ICE-GB) texts are processed by the same chain of
text preparation, parsing with spaCy, CoNLL-U format-
ting, high-recall extraction and a precision cascade. The
resulting noun phrases are stored as canonical records,
from which the same metrics and cross-corpus compar-
isons are computed.

riched CoNLL-U, where spaCy relation labels that
have a UD counterpart are mapped onto it in the
MISC field (dobj→obj, relcl→acl:relcl). ICE-GB
was a special case. We benchmarked spaCy’s part-
of-speech tags against the hand-corrected ICE-GB
tags and found only 85.8% agreement on written
and 81.1% on spoken samples, too low to rely on;
we therefore kept the ICE-GB tokens and tags and
let the parser supply the dependency layer only.

Extraction proper takes three steps. A gener-
ator first proposes a span around every nominal
head, pronouns and verbless nominal predicates
included; at this stage recall comes first. Our error
analysis then pointed to one dominant fault, namely
right boundaries stretched over a following prepo-
sitional phrase. A rule based on the dependency
parse now checks whether a prepositional phrase
attaches to the head or higher up, and it removed
71% of that error class. Some cases still escape
it. In I’m born in Fougères in France (CIL, L1),
the extractor returns Fougères in France, where
the annotators marked Fougères and France as two
constructions. Finally, a precision cascade (filters

CF0–CF4) drops empty, determiner-only, artefact,
idiom and contained spans and collapses duplicate
coordinations. Each surviving candidate becomes
one canonical record per maximal noun phrase
(head, span, modifiers, embedded layers, coordi-
nation, grammatical function), and every metric is
computed from these records. One rule governed
development throughout. A change to the extractor
stayed only if it did not lower the strict F1 on the
gold standard.

4.3 Metrics for noun phrase complexity

The metrics are organized into eleven families, viz.
family A, frequency and density; family B, phrasal
modification and compression; family C, clausal
modification and elaboration; family D, modifi-
cation scope and syntactic distribution; family E,
recursion, embedding, and depth; family F, nomi-
nalization and density of nominalized heads; family
G, structural and modifier-type diversity; family H,
lexical diversity of heads; family I, head type and
referential density; family J, the genitive and pos-
sessive system; and family K, coordination. They
are shared by the two modes, with 18 metrics in
Mode A and 17 in Mode B. Table 3 presents the
first four with examples. The full metric table4

gives, for each of the 35 metrics, its formula, unit,
comparability between French and English, and
counterpart in the other mode.

Family A counts nominal material, per 1,000
words or per finite clause. On its own it says little;
it is the baseline against which the other families
are read. In Mode A it also breaks modification
down by type (epithets, noun premodifiers, post-
nominal prepositional phrases, relatives, comple-
ment clauses, appositions), because these do not
occupy the same positions in French and English.

Families B and C carry the distinction drawn
by Biber and Gray (2016). Phrasal modifiers (ad-
jectives, nouns, genitives, prepositional phrases,
appositives) compress information inside the noun
phrase; clausal ones (relative, complement and non-
finite clauses) elaborate it. Family B adds informa-
tional compression, the number of modifier-borne
propositions per finite clause. Read together, the
two families ask whether a speaker packs content
into the phrase or unfolds it.

Family D looks at breadth and place, that is, how

4https://gitlab.huma-num.fr/lidile/con
structions-nominales/-/blob/b522959f914
773585d810aeca1e7951e21050932/Metrics_Le
arners_EN_and_FR_FAMILIES_EN__.ods
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Family What it captures Example metrics Examples

A · Frequency
and density

Normalised frequencies
of nominal material,
before any complexity

NP density; NPs per
finite clause;
complement-clause
density

the fact that there is many things to do (CIL, L1)
and the fact that she’s really good (ICE-GB
S1A-005) contain noun complement clauses,
counted per 1,000 words; FR le fait qu’il est parti.
the accuracy of my results (ICE-GB S1A-008)
counts as one NP.

B · Phrasal
modification and
compression

Information packed
inside the phrase by
adjectives, nouns,
genitives, PPs and
appositives

Phrasal modifiers per
NP; informational
compression

Adjective and PP postmodifier in the best food in
the world (CIL, L13). Noun premodifier and
of-phrase in the response curves of the tape
(ICE-GB S1A-008). FR une décision sur le
budget.

C · Clausal
modification and
elaboration

Propositional
elaboration of the NP by
relative, complement
and non-finite clauses

Clausal modifiers per
NP

Relative clauses in someone who had an Airbnb
for us (CIL, L7) and the one that Philip’s just
done (ICE-GB S1A-008). FR l’homme qui est
arrivé.

D · Modification
scope and
distribution

How many NPs are
modified, and where in
the sentence complexity
sits

Share of modified NPs;
NP complexity by
function; subject-NP
complexity share

Simple subject my name (CIL). Complex NP
outside the subject slot in a small town in the
South of Brittany (CIL, L16). Complex,
postmodified NP in the biggest interest in my life
(ICE-GB S1A-003). Heavy subject in FR [le
rapport sur la crise] nous a surpris.

Table 3: The first four of the eleven metric families (A–D), with example metrics from both modes. English examples
are authentic (CIL learner number or ICE-GB file); French examples are constructed illustrations. Families E–K are
described in the text and in the full metric table.

many noun phrases carry any modification at all
and where the complex ones end up in the clause.
The share of complex subjects is the one we watch
most closely.

The remaining families appear in the full table.
Family E covers recursion, embedding and depth
through recursive depth and two parse-based in-
dicators, mean dependency distance (Liu, 2008)
and mean tree depth within the noun phrase. The
two do not always agree. Depth grows when mod-
ifiers nest inside modifiers, distance when mate-
rial is strung out linearly, as in coordination, and
the disagreement turns out to be informative (Sec-
tion 6.3). F measures nominalisation; G struc-
tural and modifier-type diversity, through a moving-
average type–token ratio (Covington and McFall,
2010) over noun phrase patterns and the Shannon
entropy (Shannon, 1948) of modifier types; H the
lexical diversity of head nouns; I the share of lexi-
cal rather than pronominal heads; J the ’s- and of-
genitives; K coordination inside the noun phrase.
Mode B computes 22 scalar indicators and 6 distri-
butional profiles in all; the 17 metrics listed for it in
the table are those that pass the source-validation
and coverage checks of Section 5.

5 Evaluation Methodology

Before any result can be read, two questions must
be settled. Is the extraction right, and are the group
differences real?

To answer the first question, we built manual
gold standards. For Mode A, a single annotator
built a gold standard of 200 nominal constructions
per language (French and English), so that the
tool’s output on the same sample could be com-
pared with a human analysis. For Mode B, the gold
standard contains 504 span types, 239 from CIL
learner English and 265 from ICE-GB spoken En-
glish. Mode B annotation followed a written speci-
fication, with one span per maximal construction,
embedded layers recorded inside it, and explicit
rulings on free relatives, idiomatic prepositional
objects and disfluent repairs. The specification
was revised once, after an audit of the first annota-
tion rounds showed where two careful annotators
could legitimately diverge. Two annotators then
worked independently; before adjudication, their
span-level F1 agreement was .992 on the learner
slice and 1.000 on the native one. The Mode B
gold standard was then adjudicated by a human
annotator and an AI assistant (Claude Opus 4.7,
Anthropic) to ensure consistency; the Mode A gold
standard, which comes from one annotator, was not
adjudicated.
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We report precision, recall and F1 under strict
matching, in which an extracted span counts as
correct only if it matches a gold span exactly. In
Mode B, scoring is type-level within each utterance.
A span that finds the right construction but places
a boundary differently therefore counts as an error;
such boundary errors are analysed separately in
Section 6.1.

Group differences are tested with the Mann–
Whitney U test (Mann and Whitney, 1947), which
suits independent samples of unequal size and
does not assume normality. Significance alone is
not enough, so each test comes with Cliff’s delta
(Cliff, 1993), read with the thresholds of Romano
et al. (2006), namely .147, .33 and .474 for small,
medium and large effects. With 22 simultaneous
tests, all p-values are Holm–Bonferroni corrected
(Holm, 1979). The unit of analysis is the text. In
Mode B, distributional profiles are also compared
with the Jensen–Shannon divergence (Lin, 1991).
A second-stage profile then synthesises the scalar
metrics. Of its 23 candidate metrics (the 22 tested
ones plus the share of core-argument noun phrases,
which has no test of its own), it keeps 17. It drops
four whose per-text source values do not match the
tested values, one whose coverage is insufficient
and the untested one. It then clusters the retained
metrics correlated at |r| ≥ .80, orients each stan-
dardised metric in the direction of the observed
contrast, and averages them by family. Because 18
learner texts face 99 native ones, a balanced boot-
strap (Efron and Tibshirani, 1993) with 5,000 re-
samples sets the learner texts against equally sized
native subsamples.

6 Results

6.1 Extraction accuracy

For Mode A, the tool’s output was compared with
the annotator’s analysis of the same 200 nominal
constructions per language. Strict F1 reaches .950
for learner French and .860 for learner English (Ta-
ble 4). Figure 3 gives the corresponding confusion
matrix and explains why precision, recall and F1
coincide in this balanced design.

In Mode B, strict F1 reaches .954 on learner En-
glish and .787 on native English, against 504 gold
span types (Table 5). The gap has two sources.
Native noun phrases are denser and deeper, and
ICE-GB is not segmented like CIL. Most residual
errors, however, concern the boundary of a con-
struction that was correctly detected. On the full

Slice Gold TP FP FN P R

Learner EN 200 172 28 28 .860 .860
Learner FR 200 190 10 10 .950 .950

Strict F1 = .860 (learner EN), .950 (learner FR)

Table 4: Mode A extraction accuracy against the gold
standard (strict, type-level matching). Gold = gold nom-
inal constructions; TP, FP, FN = true positives, false
positives and missed gold constructions.

Figure 3: Confusion matrix of the Mode A precision
cascade (pooled CIL learner English and learner French
gold slices), computed over the 516 candidate span types
on which the cascade decides. Because the extractor
is constrained to return as many candidates as there
are gold constructions (400), false positives and false
negatives are equal in number, which yields P = R =
F1.

gold sample, which also includes an ICE-GB writ-
ten slice, 117 of the 161 false positives and of the
161 misses form boundary-overlap pairs, leaving
44 residual false positives and 44 residual misses.
The extractor also errs on the short side more often
than on the long side. In 72 of these pairs the gold
span contains the extracted one, in 44 the reverse.

Figure 4 opens up the Mode B scores. Extraction
has no natural negative class, so the matrix covers
only the 772 span types on which the cascade de-
cides. The cascade keeps 432 genuine noun phrases
and 61 spurious ones, and discards 23 genuine and
256 spurious. Its errors lean one way. It rarely
throws out a real noun phrase (recall = .949) but
lets roughly one spurious candidate in five through
(specificity = .808). The 72 end-to-end misses thus
come from two places, namely 23 noun phrases the
cascade wrongly discarded and 49 that were never
proposed at all, a group in which recall can still be
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Slice Gold TP FP FN P R

CIL learner 239 227 10 12 .958 .950
ICE-GB spoken 265 205 51 60 .801 .774

Strict F1 = .954 (CIL), .787 (ICE-GB spoken)

Table 5: Mode B extraction accuracy against the adjudi-
cated gold standard (strict, type-level matching). Gold
= gold span types; TP, FP, FN = true positives, false
positives and missed gold spans.

Figure 4: Confusion matrix of the Mode B precision
cascade (CIL learner and ICE-GB spoken gold slices),
computed over the 772 candidate span types on which
the cascade decides. The 49 gold constructions never
generated as candidates fall outside this population.

gained.

6.2 Learner French vs. learner English

The main finding for RQ1 is that, across phrasal
measures, learner English is consistently more
complex than learner French. Phrasal modifiers
per noun phrase, for instance, were higher in
learner English (0.61) than in learner French (0.41;
δ = −1.00, p < .001), and the share of modified
noun phrases was higher as well (50% vs. 39%;
δ = −.99, p < .001). Phrasal depth, modifier-type
entropy and structural diversity also showed signifi-
cantly higher values for learner English (Figure 5).

However, the tool also revealed that learner
French compensates for its lower phrasal complex-
ity by using more appositive and looser structures.
The share of appositive structures, in particular,
was higher in learner French (δ = +.56, p < .01).

Clause-level density measures, such as the num-
ber of noun phrases per finite clause, were largely
comparable between the two groups, indicating

Figure 5: Per-text distributions of the six metrics that
separate the two learner corpora most sharply (Learner
FR vs. Learner EN, n = 17 texts each). Boxes show
the median and interquartile range, whiskers the range
of the data, and points the individual texts. The top row
shows mean phrasal depth, modifier-type entropy, and
the percentage of modified NPs; the bottom row shows
phrasal modifiers per NP, structural diversity (MATTR),
and the share of complexity carried by subject NPs. On
all six metrics, the EN texts score higher than the FR
texts. Effect sizes are given as Cliff’s δ (negative val-
ues indicate FR < EN), ranging from −0.90 to −1.00,
meaning the two distributions barely overlap or do not
overlap at all. All contrasts are Holm-corrected and
significant at p < .001.

that the differences lie primarily in how complexity
is distributed rather than in the overall amount of
nominal material produced.

6.3 Learner English vs. native English

Does the tool separate learner from native En-
glish? It does, and in a specific way. Natives pack
complexity into the noun phrase, whereas learners
spread it over longer, flatter structures. Table 6
gives the full panel of per-text means; all 18 CIL-
EFL interviews and 99 ICE-GB private dialogues
were retained, and the imbalance is handled as de-
scribed in Section 5.

The native advantage lies in compression. Na-
tives use more phrasal modifiers per noun phrase
(0.091 vs. 0.060; δ = −.65, p < .001), and their
of-genitive share is three times the learners’ (1.65%
vs. 0.55%; δ = −.71, p < .001), the largest sin-
gle effect in the panel. Informational compression
(0.185 vs. 0.105; δ = −.67, p < .001), recursive
depth and tree depth (both δ = −.54, p < .01)
point the same way, as do clausal modifiers per NP
(δ = −.42, p = .044) and NP density (δ = −.46,
p = .028).

Figure 6 shows the per-text distributions. The
corpora overlap on every metric taken alone; they
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ID Metric L N δ pH

A.1 NPs per 1,000 words 236.5 249.2 −.46 .028
A.2 NPs per finite clause 2.95 2.51 +.66 <.001

B.2 Phrasal modifiers/NP .060 .091 −.65 <.001
B.3 Inform. compression .105 .185 −.67 <.001
C.2 Clausal modifiers/NP .002 .004 −.42 .044
D.3 Complex subjects (%) 8.16 7.01 +.08 1

E.3 Recursive depth .040 .056 −.54 .005
E.4 Tree depth .195 .244 −.54 .005
E.5 Dependency distance .359 .274 +.62 <.001
F.2 Nominalisations/NP .033 .035 +.06 1

G.2 Modifier entropy (bits) 2.45 2.42 +.16 1
G.4 Pattern MASTTR .165 .164 −.07 1
H.2 Head-noun MATTR .674 .648 +.39 .082
I.1 Lexical NPs (%) 24.0 24.5 −.12 1

J.1 ’s-genitive (%) 1.22 1.60 −.29 .362
J.2 of-genitive (%) 0.55 1.65 −.71 <.001
K.1 Coordinate NPs (%) 2.80 1.33 +.54 .004

Not retained in the metric table
— NP length (words)† 1.91 1.70 +.53 .005
— Premodifiers/NP† .154 .182 −.42 .047
— Postmodifiers/NP† .045 .058 −.46 .028
— Complex NPs (%)† 15.5 17.7 −.37 .110
— Phrasal/clausal‡ 21.0 24.3 −.20 1

Table 6: Per-text means of the 22 scalar metrics in
learner (L, 18 CIL texts) and native (N, 99 ICE-GB
texts) English. IDs follow the families of the full metric
table (A–K). δ = Cliff’s delta (positive values, learner
higher); pH = Holm-corrected p over the 22 tests; bold
= significant. †Failed the second-stage source validation.
‡Computable for 7 learner and 77 native texts only. The
full metric table, with standard deviations, is available
online (https://qrco.de/bh0mtx).

differ by a shift in central tendency that recurs from
one measure to the next, and no single measure
provides a clean threshold.

Learners, by contrast, distribute their nominal
material over more, and less compact, noun phrases.
They produce more noun phrases per finite clause
(2.95 vs. 2.51; δ = +.66, p < .001), with longer
dependency distances inside them (0.359 vs. 0.274;
δ = +.62, p < .001) and twice as much inter-
nal coordination (2.80% vs. 1.33%; δ = +.54,
p < .01). Their noun phrases are also longer,
at 1.91 content words against 1.70 (δ = +.53,
p < .01). We read this last figure with care, since
mean length is one of the four measures flagged by
the source validation, although its direction holds
across source layers. Length does not equal com-
plexity here. Learners lengthen a noun phrase by
adding a conjunct, as in my mother and my father
(CIL, L2); natives lengthen it by embedding, as in
the response curves of the tape (ICE-GB S1A-008).

Figure 6: Per-text distributions of the six metrics that
separate the two corpora most sharply. Boxes show the
median and interquartile range, points the individual
texts. The top row holds the three native-higher met-
rics of nominal compression, the bottom row the three
learner-higher metrics of nominal spread. All contrasts
are Holm-corrected and significant at p < .001, except
Coordinate-NP share (p < .01).

Diversity and external distribution do not sepa-
rate the groups. No diversity metric survives cor-
rection, nor does the share of complex subjects (all
|δ| ≤ .39, p ≥ .082), and the distributional pro-
files are close, with Jensen–Shannon divergences
between .001 (coordination, embedding depth) and
.024 (head word class). We would not call this
equivalence, since with 18 learner texts a null re-
sult is inconclusive. On these data, though, learners
draw on the same inventory of nominal structures
as natives, in similar proportions, and differ in how
densely they combine them.

The second-stage profile says the same thing,
more strongly. The core profile separates the cor-
pora with δ = .87 (p < .001), more than any
single metric (|δ| = .71 at best), and does so in
every balanced resample (median δ = .87, 95%
interval [.79, .93]). Grouped by the dimensions the
profile uses, the separation sits in the parse-based
indicators (.97), frequency (.69) and NP-internal
structure (.68), all at p < .001, whereas diversity
(.16) and external distribution (.08) contribute lit-
tle. One caveat applies. The profile is oriented by
the contrast it measures, so it synthesises the same
metrics without validating them independently.

7 Discussion

The two comparisons do not ask the same question,
but their answers fit together. Learner English car-
ries more phrasal modification than learner French
and less than native English, and in each compari-
son the group with less modification compensates
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elsewhere (Sections 6.2 and 6.3). In both cases the
difference lies less in how much nominal material
speakers produce than in where they put the struc-
ture. The spoken data thus echo, on a small scale,
what has been described for writing, where nouns
and prepositional phrases as modifiers mark more
advanced production (Biber et al., 2011; Parkinson
and Musgrave, 2014).

Regarding the study’s depth, many other aspects
could have been tackled, namely a native English
vs. native French comparison, that account for in-
terlinguistic differences that are not learner-specific.
Or, a monolingual native French vs. learner French
study, parallel to the English substudy that shed
light to the interlanguage development process in
both languages i.e. English and French. But also,
one or more similar substudies on other less closely
related languages. However, it is worth mentioning
that including all these aspects of study involves
time and dedicated corpora building to support it.
Given that we already embarked in an analysis tool
development, we chose not to engage in compiling
all the possible analysis in one work. They will be
discussed accordingly in future works.

7.1 Comparison with TAASSC

TAASSC (Kyle, 2016), whose phrasal indices were
introduced in Section 2.1, is the closest existing
point of reference for our tool, and much of our
work builds on the questions it made measurable.
Table 7 sets the two tools side by side, to situate
them without ranking them.

TAASSC in brief. TAASSC groups its indices
into four families (Kyle, 2016). They are the four-
teen large-grained indices of the L2 Syntactic Com-
plexity Analyzer (L2SCA; Lu, 2010), such as mean
length of T-unit (MLT), dependent clauses per
clause (DC/C) and complex nominals per clause
(CN/C); fine-grained clausal indices, which count
the dependents of each clause by type; the fine-
grained phrasal indices described in Section 2.1;
and usage-based indices of syntactic sophistication,
which score main verbs, verb argument construc-
tions (VACs) and verb–VAC combinations by their
frequency and strength of association in the written
sections of the Corpus of Contemporary Ameri-
can English (COCA; Davies, 2009) (see Kyle and
Crossley, 2017; Kyle et al., 2021). The original
release relied on Stanford CoreNLP and Stanford
typed dependencies (de Marneffe and Manning,
2008); Kyle et al. (2021) identify VACs with the

TAASSC Mode A Mode B

Data Written English
essays

Spoken learner
FR and EN

Spoken learner
and native EN

Parser Stanford;
spaCy (v2.0)

UDPipe 2,
spoken UD
models

spaCy trf;
ICE-GB tags

Unit Dependents of
NP heads

Nominal
construction,
gold-evaluated

Maximal NP
span,
gold-evaluated

Indices Means, SDs by
NP ×
dependent type

18 metrics
(A–K)

22 scalar, 6
distrib.; 17
validated

Embedding — Phrasal depth Depth,
dependency
distance

Frame Dependent
types

Phrasal vs.
clausal; UD
function

Phrasal vs.
clausal; ’s vs.
of ;
compression

French — Adj. position,
de/à/en,
relatives,
determiner

—

Diversity SDs of counts Entropy MATTR,
entropy, JSD

Statistics Indices only MWU, Cliff’s
δ, Holm

Same + JSD,
profile

Beyond
scope

— Clausal;
sophistication

Clausal;
sophistication

Table 7: TAASSC (Kyle, 2016; Kyle and Crossley,
2018) compared with the two modes of our tool.

Stanford neural dependency parser (Chen and Man-
ning, 2014), and version 2.0 of the tool parses with
spaCy, as our Mode B does.

Common ground. Both tools count the modifiers
of nominal heads and relate them to the function of
the phrase. Our phrasal modifiers per noun phrase
are conceptually close to TAASSC’s dependents
per nominal, and our share of complex subjects
to its indices for nominal subjects. Both also re-
port their values per text. TAASSC returns one
row of indices per text, and the text is our unit of
analysis as well (Section 5), which makes a text-
by-text comparison of the two tools possible. The
correspondences between the two sets of measures
nevertheless remain conceptual, since the defini-
tion of the noun phrase, the parser, the dependency
scheme and the normalisation differ. Our tool’s
contribution lies mainly in these differences, which
we take in turn.

(1) French and English on a common basis.
TAASSC is designed for English, and its sophis-
tication indices rely on an English reference cor-
pus. Our tool, anchored in Universal Dependencies
(de Marneffe et al., 2021), describes a second lan-
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guage with the same categories as the first. In
Mode A, the French and English parses produced
by UDPipe 2 (Straka, 2018) meet in the canon-
ical model of Section 4.1, where modifiers are
coded by their UD relation whatever their posi-
tion. The French postnominal adjective and the
English prenominal adjective are thus both counted
under amod. Mode A also adds measures for prop-
erties of the French noun phrase, such as adjective
position, prepositional phrases in de, à and en, the
type of relative pronoun and the omission of the
determiner. The comparison of learner French with
learner English (Section 6.2) depends on this de-
sign, which is the main extension our tool offers.

(2) The noun phrase as a delimited unit.
TAASSC counts the dependents that a parser at-
taches to a head, without delimiting the noun
phrase itself. Our tool delimits each noun phrase as
a unit and evaluates that unit, span by span, against
a gold standard (Section 5; Tables 4 and 5), so that
a reader can check what was counted. Reporting
accuracy on the unit of analysis follows a concern
that the TAASSC studies themselves raise. Kyle
et al. (2021) report that 97.9% of main verbs but
81.25% of verb–VAC combinations were correctly
identified in their learner corpus, and note that such
errors carry over into any downstream analysis.

(3) Embedding and dependency distance.
Treating the noun phrase as a delimited unit also
makes its internal structure measurable, through
the depth and distance indicators of family E (Sec-
tion 4.3); Liu (2008) relates the second of these to
processing difficulty. A count of dependents does
not in itself distinguish dependents attached to the
same head from dependents embedded in one an-
other. In our data, depth and dependency distance
separate learners and natives more sharply than
the other dimensions (Section 6.3), which suggests
that this aspect of the noun phrase is worth mea-
suring alongside dependent counts. Because spans
depend on segmentation, the dependency-distance
half of this result carries the caveat set out in the
Limitations section.

(4) A developmental reading. The phrasal in-
dices of TAASSC describe how many dependents
of each type occur. Families B and C operationalise
instead the distinction between phrasal and clausal
modification that Biber et al. (2011) place along
a hypothesised developmental sequence, and that
Biber and Gray (2016) describe as compression

against elaboration. The longitudinal study of Kyle
et al. (2021) gives one reason why this reading may
be useful. Over two years, their adolescent learners
of English grew in DC/C and MLT but not in CN/C,
and the relation between time and MLT (r = .443)
became negligible once DC/C was controlled for
(r = −.046); the authors interpret this in light of
Biber et al. (2011), with dependent clauses devel-
oping first and noun phrase features possibly later.
A measure that sets phrasal against clausal mod-
ification may help to follow that shift, which an
overall count of complex nominals does not iso-
late. Whether it does so over time is a question that
longitudinal spoken data would need to answer.

(5) Functional contrasts. TAASSC separates
nominal dependents by type. Our tool adds func-
tional contrasts, namely phrasal against clausal
modification, the ’s-genitive against the of -genitive
(family J), and informational compression (fam-
ily B). In our data these contrasts produce the
strongest effects (Table 6), and they are robust to
the segmentation problem discussed in the Limita-
tions section.

(6) Diversity. In TAASSC, variability is ex-
pressed through the standard deviation of depen-
dent counts. Our tool adds measures of diversity
proper (families G and H, Section 4.3) and, in
Mode B, the Jensen–Shannon divergence between
distributional profiles. A standard deviation de-
scribes how much counts vary across nominals,
whereas these measures describe how varied the
repertoire of structures is and how close two distri-
butions are.

(7) Transcribed learner speech. TAASSC was
developed and validated on written texts, mainly
TOEFL essays (Kyle and Crossley, 2017, 2018)
and learner essays (Kyle et al., 2021). Our tool
was developed for transcribed speech from learners
and natives. Mode A relies on the spoken-treebank
models presented in Section 4.1, Mode B on the
hand-corrected ICE-GB tagging (Section 4.2), and
both modes filter disfluencies and interactional
forms and handle mass and institutionalised bare
nouns. Earlier findings suggest that such an adap-
tation is worthwhile. With the companion tool
TAALES, Kyle and Crossley (2016) found that the
lexical sophistication features related to writing
scores differed between independent and source-
based essays, so that indices do not necessarily
behave alike across tasks, and complexity itself is
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distributed differently in conversation and in writ-
ing (Section 2.1).

(8) Normalisation. TAASSC normalises mainly
per clause or per nominal. Our tool reports mea-
sures per 1,000 words, per finite clause and per
noun phrase, so that the unit can be chosen accord-
ing to the question, whether it concerns how much
nominal material a speaker produces (family A) or
how much each phrase or clause carries (families B
to D).

(9) Statistical analysis. TAASSC exports in-
dices, and the statistical modelling is carried out
separately, as in the mixed-effects analyses of Kyle
et al. (2021). Our tool builds the group compari-
son of Section 5 into the pipeline, in both modes.
Since the unit of analysis is the text, values for each
speaker remain available next to group results, in
line with the caution, recalled by Kyle et al. (2021)
after Lowie and Verspoor (2019), that group means
may not represent individual trajectories.

What TAASSC covers and our tool does not.
TAASSC covers several dimensions that our tool
does not attempt. It includes clausal complexity,
through the L2SCA indices and its fine-grained
clausal counts, whereas we measure only compres-
sion per clause. It includes usage-based sophis-
tication, its largest family; in Kyle et al. (2021),
main verb frequency and DC/C together predicted
the time point of an essay (R2

adj = .583). Such in-
dices presuppose a suitable reference corpus, which
a comparison of learner speech in two languages
would have to supply on both sides. TAASSC also
crosses each nominal function with each dependent
type; our family D reports complexity by function
and the share of complex subjects, but not by de-
pendent type. The two tools are therefore best seen
as complementary. TAASSC offers broad coverage
of written English, ours a more detailed description
of the noun phrase, comparable across French and
English and adapted to learner speech.

7.2 Implications for SLA and CALL research

For SLA and CALL research, the results argue
for phrasal measures over global ones when the
data are spoken. The noun phrase is sensitive to
developmental differences, and it can now be mea-
sured automatically. Because it rests on Universal
Dependencies, the tool also serves work on cross-
linguistic influence between L1s, where compara-
ble measurement across languages has long been a

sticking point. The learner results also warn against
reading complexity as a single scale. Learners build
more noun phrases per clause, and coordinate them
more often, whereas natives build fewer but more
heavily modified ones, so that a longer noun phrase
is not necessarily a more complex one.

For CALL systems, the metrics could be used for
two purposes. First, they could be used as features
in proficiency prediction models. Second, depend-
ing on their statistical significance, they could be
exploited to tailor specific feedback messages giv-
ing details on what type of nominal complexity (if
any) learners employ. Such fine-grained, structure-
specific features would contribute to providing ac-
tionable language learning analytics. In class, the
tool could also support data-driven learning, with
learners comparing their own noun phrases to na-
tive ones. The tool is open, so these claims can be
checked, extended or overturned by others.

8 Conclusion and Future Work

This paper has presented an open, modular tool that
measures noun phrase complexity in learner speech
through Universal Dependencies, together with an
extraction procedure validated against gold stan-
dards, with strict F1 between .79 and .95 depending
on the corpus. The empirical picture that emerges
does not point to missing structures. Learners draw
on the native inventory of nominal structures but as-
semble it into flatter, longer and more coordinated
noun phrases, which carry less modifier-borne in-
formation per clause than native ones (Table 6,
B.3). Because every language-specific step hap-
pens before the canonical model, a single met-
ric code serves both the cross-linguistic and the
learner–native comparison.

Resegmenting both corpora into AS-units (Anal-
ysis of Speech units), that is, units made of an in-
dependent clause or sub-clausal unit together with
its subordinate clauses (Foster et al., 2000), is a
natural next step and, in our view, the least costly
improvement available. Adapting the parser to spo-
ken learner English, for instance with the treebank
of Kyle et al. (2022), would reduce the parsing
errors that the cascade only partly absorbs. Calibra-
tion against other measurements would also help,
in two ways. Since learner English is measured
by both modes, Mode A and Mode B could be
run on the same CIL-EFL texts to see which mea-
sures agree. The English branch could likewise be
compared with TAASSC. Running both tools on
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the same transcripts and correlating the measures
they share (Table 7), once normalisation is aligned,
would provide a test of convergent validity, and
any divergence could be traced to the differences
discussed in Section 7.1.

Limitations

The samples are small, with 17 speakers per lan-
guage for RQ1 and 18 learners against 99 native
texts for RQ2, and more proficiency levels and
more first languages are needed before any find-
ing is generalised. Mode A needs inter-annotator
agreement, since its gold standard comes from a
single annotator, and both modes need firmer seg-
mentation guidelines. The analysis covers semi-
guided interviews and read-aloud tasks in French
and English only. Other registers, such as aca-
demic speech and spontaneous conversation, and
other language pairs, such as Spanish or German,
remain untested.

Segmentation is the main weakness of Mode B.
Neither corpus carries sentence punctuation, so
the units are long and uneven, with 53.8 words on
average in the learner transcripts and 19.7 in the
native ones, and maxima of 817 and 344. Every
extracted noun phrase is bounded by its unit, and a
unit that runs across a turn drags the right boundary
with it. In ICE-GB S1A-008, a relative clause on
the pronoun one swallows the following utterance
and yields a 97-word “noun phrase”. In CIL_L3,
a construction that should stop at my gym runs
through a turn marker into the next turn. Such
cases are rare. Nominals of 15 words or more
make up 0.16% of learner records and 0.25% of
native ones. The measures behind our main finding,
namely of -genitive share, phrasal modifiers and
informational compression, do not depend on span
length. Mean dependency distance does, which
is why we trust it least, and it qualifies the result
on depth and dependency distance discussed in
Section 7.1. The four boundary-sensitive metrics
that failed the source validation are reported with a
flag (Table 6).

Ethics Statement

The CIL transcripts analysed here come from the
pseudonymised 2025 release of the corpus (Sec-
tion 3); learners are referred to by codes only, and
no personal information is reported. ICE-GB is
used as released by the Survey of English Usage
(University College London). The use of an AI

assistant in the adjudication of the Mode B gold
standard is reported in Section 5.

AI Disclosure

□ Not applicable (no AI tools used)
□ Assistive use
⊠ Editing
□ Generation of minor elements
□ Translation
□ Compression/expansion
□ Generation from prompt

Details: [Describe the AI tools used and their pur-
pose, or state: “No AI tools were used in preparing
this work.”] “‘
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