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Abstract

This study investigates how domain expertise
shapes spontaneous oral language production,
with a focus on architecture. Building on the
ExpLay Corpus, which contains image descrip-
tions by speakers with and without architec-
tural training, we analyze linguistic variation
by combining Profiling-UD and the DECAF
framework. We extract a broad range of syn-
tactic and morpho-syntactic features to build
linguistic profiles for both groups and train clas-
sifiers to distinguish expert from non-expert
productions. Two traditional machine learn-
ing models (logistic regression and SVM) are
compared with a lightweight BiLSTM and two
large language models (GliClass and LLaMA
2). While the expert and non-expert corpora
diverge only subtly (pairwise Jensen—Shannon
divergence (JSD)= 0.25), the BiLSTM using
fastText embeddings achieves the highest F1-
score (0.88), outperforming both traditional
models and LLMs. This indicates that seman-
tic representations are more predictive of do-
main variation than purely structural features
and that smaller neural architectures generalize
better on limited data. Overall, the findings
provide empirical evidence that architectural
expertise leaves measurable linguistic traces in
spontaneous speech, supporting the Grammar
of Space hypothesis.

1 Introduction

Linguistic variation reflects differences in situa-
tional, social, and cognitive contexts. This pa-
per investigates how expertise shapes spontaneous
oral language production, focusing on the archi-
tectural domain. We operationalize the concept
of “expertese”: a domain-specific linguistic reg-
ister analogous to “translationese” (Gellerstam,
1986; Kunilovskaya and Corpas Pastor, 2021; Te-
ich et al., 2016), to describe systematic differences
that emerge in the language of expert communities.
For the present project, the definition of register
adopted is that of Argamon (2019):
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"A register is described by that situa-
tional context and the linguistic features
typical of the register, along with a de-
scription of how those features function
specifically within that particular context
of language use. That is, the linguistic
features describing a register are not ar-
bitrary, but form a complex that is useful
for particular communicative purposes in
a particular context."

This definition allows for the assumption that
linguistic patterns emerge as shaped by their com-
municative occurrence—in this case, the assump-
tion that domain-expertise shapes the linguistic
phenotype of language productions within the re-
spective domain. Previous research on register
has shown that linguistic features (lexical, syn-
tactic, and discourse-level) cluster in systematic
ways depending on communicative context (Biber
and Conrad, 2009). Experts often operate within
shared cognitive and informational environments,
leading to specialized linguistic patterns (Argamon,
2019; Degaetano-Ortlieb and Piper, 2019). This
phenomenon is not limited to writing: spoken lan-
guage can also exhibit register-specific variation
shaped by expertise, although this has been investi-
gated less systematically. Architecture provides a
compelling domain for studying these effects, since
architects undergo extensive training, use special-
ized terminology, and engage with spatial represen-
tations in ways that differ from laypeople (Mertins
et al., 2020). These cognitive and communicative
differences are expected to leave measurable lin-
guistic traces even in spontaneous speech. This
study builds on insights from information-theoretic
approaches to language (Shannon, 1948; Jaeger,
2010), which view communication as the efficient
transmission of information. Registers are hypoth-
esized to optimize information flow within commu-
nities, often through conventionalized and compact
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linguistic structures (Halliday, 1988/2004; Teich
et al., 2016). If experts share more background
knowledge, their speech may exhibit distinctive pat-
terns of linguistic complexity and distribution. Us-
ing the ExpLay Corpus (Schacht and Delucchi Dan-
hier, 2025), which contains spontaneous image de-
scriptions by experts and non-experts, we conduct
a multi-level analysis of linguistic variation. We
apply Profiling-UD and DECAF to extract syn-
tactic and morpho-syntactic features, and evaluate
whether machine learning models can distinguish
expert from non-expert speech. Methodologically,
we explore to which extend the linguistic manifes-
tation of expertise is detectable automatically. Be-
yond its contribution to register variation research,
this work is also motivated by a broader relevance
of society: in many public-facing domains, ex-
perts have trouble communicating effectively with
laypeople. In architecture, where communication
with clients, policymakers, citizens, and other in-
terdisciplinary colleagues such as engineers is cen-
tral to the profession, such misunderstandings can
not solely be attributed to a lack of shared special-
ized architectural vocabulary, but may also reflect
differences in how information is structured and
distributed in spontaneous speech by experts and
laypeople. By showing that architectural exper-
tise leaves measurable traces in oral production be-
yond professional jargon, this study shifts attention
from surface notions of complexity to differences
in information packaging and shared knowledge
assumptions. While this analysis focuses on archi-
tecture, the proposed profiling and classification
approach is transferable for investigating expertise-
related register variation in other domains where
experts and laypeople need to communicate with
each other, such as medicine or law. The project
data is made available under CC BY 4.0 license'.

2 Related Work

2.1 Linguistic Complexity and Register
Variation

Linguistic complexity has been widely studied in
domains such as language acquisition and second
language learning (e.g., Park (2024), Lu (2010),Xia
et al. (2016), Collins-Thompson (2014),Kyle
(2016)). More recently, questions of linguistic com-
plexity have also become prominent in research
on machine learning and LLMs, as illustrated in
Misra and Mahowald (2024). These strands of re-

"https://osf.io/4hvm6/overview.
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search share an interest in identifying and quantify-
ing linguistic features that may serve as indicators
of structural or cognitive complexity in language
use.

In order to apply linguistic complexity to the
analysis of register variation—Ilike Teich et al.
(2016) or Kunilovskaya and Corpas Pastor (2021)
did—this paper adopts the definition of register
introduced earlier, which allows for the assump-
tion of linguistic patterns emerging as shaped by
their communicative occurrence. In the context of
the present study, this assumption translates into
domain-expertise shaping the linguistic characteris-
tics of language productions within a given domain.

This reasoning leads directly to the theoretical
frameworks underlying the present study. Follow-
ing Schacht and Delucchi Danhier (2025), the re-
search builds on perspectives that link domain ex-
pertise, cognition, and language production. At its
core lies the theory of linguistic relativity (Whorf,
1956; Slobin, 1996), which states that language
shapes human cognition and specifically attention.
Empirical work has demonstrated language relativ-
ity effects in domains including color perception
(Winawer et al., 2007; Roberson et al., 2000), spa-
tial reference frames (Levinson, 2003; Majid et al.,
2004), and motion events (Papafragou et al., 2008).

Analogous cognitive effects have been observed
for expertise in different domains, which can in-
fluence perception and processing in ways similar
to language. Classic neuroimaging research shows
structural adaptations linked to spatial training in
taxi drivers (Maguire et al., 2000), while other stud-
ies report perceptual and sensory-motor advantages
in expert or semi-expert populations such as gamers
(Ersin et al., 2022; Jiang et al., 2020). In the archi-
tectural domain specifically, eye-tracking studies
reveal distinct visual attention patterns for experts
compared to laypeople (Delucchi Danhier et al.,
2025; Mertins et al., 2020), motivating the exten-
sion of such analyses to linguistic behavior.

2.2 Communication Efficiency, Information
Theory, and Domain-Specific Conventions

As a continuation of the reasoning outlined above,
one of the fundamental principles of communica-
tion in general is to achieve a smooth and ideally
loss-less transfer of information while eliminating
unnecessary linguistic signal—that is, to achieve ef-
ficiency—and thereby align flexibly with the com-
municative situation.

Mathematically speaking, communication al-


https://osf.io/4hvm6/overview

ways takes place through a noisy channel between
the sender (speaker) and the receiver (listener) of
information, as described in Shannon (1948)’s In-
formation Theory.

Communication in this sense is understood as
a linear transfer of information in single commu-
nicative units (for example, in bits) and success-
ful communication as being as loss-less as possi-
ble, striving for an ideal use of the communicative
channel. This reasoning underlies the framework
of the Uniform Information Density hypothesis
(UIDh) (Jaeger, 2010), shifting the mathematical-
engineering approach towards linguistics. The
UIDh proposes that the use of the communica-
tive channel must not exceed its capacity bound-
aries—mneither the upper nor the lower bound—in
order to avoid loss of transmitted information.
Speakers therefore need to minimize divergence
in the flow of information, ensuring a relatively
homogeneous distribution of information across
sentences.

This is achieved by choosing linguistic encod-
ing in such a way as to keep the flow as constant
as possible. From different communicative situa-
tions emerge different demands and standards, how-
ever, meaning that baseline channel capacities may
vary. This leads to the assumption that different
registers, for instance, will display distinct patterns
of linguistic choices to achieve this balance and
further that not only language but also expertise
shapes cognition and subsequently linguistic pro-
duction. According to Teich et al. (2021), this
phenomenon manifests in the form of convention-
alized linguistic codes serving to smoothen the in-
formation density profile of communication in spe-
cialized fields while still transmitting the relevant
but—compared to general language—heightened
amount of information characteristic to the respec-
tive field. Concrete examples of this phenomenon
are studies on the language in the fields of physics
(Halliday, 1988/2004), literary studies (Degaetano-
Ortlieb and Piper, 2019), and scientific communi-
cation more broadly (Teich et al., 2016; Degaetano-
Ortlieb and Teich, 2022), all showing convention-
alized and informationally compact linguistic en-
coding. Similarly, shifts within the same language
over time can be registered as shown in diachronic
studies of scientific English (Rubino et al., 2016;
Degaetano-Ortlieb and Teich, 2018; Biber et al.,
2011; Biber and Gray, 2016; Juzek et al., 2020)
as well as scientific German (Jakobi et al., 2024).
Common structures that facilitate the condensa-
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tion of information in a production take the form
of for example compounding (Degaetano-Ortlieb,
2021; Gamboa et al., 2024, 2025) and metaphor
(Halliday, 1988/2004; Webster, 2018), especially
in highly technical or scientific language, as they
condense a heightened amount of information com-
pared to their phrasal counterparts, further under-
scoring the link between communicative efficiency,
register variation, and domain-specific expertise.

Accordingly, the expectation of denser linguis-
tic encoding as shown by the previous research
introduced earlier is well motivated by the UIDh,
as shared knowledge among a group of domain-
experts can be assumed, lifting the baseline for
appropriate information transmission, especially
in tasks related to their common professional field
where they discuss familiar information. This, in
turn, allows for divergence from common struc-
tures in general language use and justifies the use
of more complex, information-rich expressions, as
they will not be considered more complex within
their specialized surroundings and thus not spike
the flow of information.

2.3 The ExpLay Corpus and Pipeline

Delucchi Danhier et al. (2025) showed that ar-
chitectural experts and laypeople display distinct
visual attention patterns when processing three-
dimensional spatial stimuli presented in two dimen-
sions, as revealed by eye-tracking data. In addition
to these findings, Schacht and Delucchi Danhier
(2025) argue that experts are likely to exhibit com-
parable differences when verbalizing visual percep-
tion, since linguistic production inherently involves
the linearization of perceptual input (Levelt, 1989).
This perspective integrates principles from Linguis-
tic Relativity, Information Theory, and the UID
hypothesis, motivating a systematic investigation
of linguistic patterns in expert versus non-expert
language.

The study is based on the ExpLay Corpus
(Schacht and Delucchi Danhier, 2025)2, that is
available under a CC BY 4.0 license and contains
spontaneous German image descriptions produced
by speakers with and without architectural training.
Participants described a set of architectural stimuli
under controlled experimental conditions, resulting
in a balanced dataset of expert and non-expert pro-
ductions. The corpus provides matched elicitation
settings and spontaneous language data, making

2ht’cps: //gitlab.ruhr-uni-bochum.de/schaccmr/
explay-resource.git.
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it well suited for investigating domain-specific lin-
guistic variation.

All data were processed using the ExpLay
pipeline, which integrates automatic UD parsing,
linguistic feature extraction, as well as profiling
via Profiling-UD and DECAF. This infrastructure
enables systematic comparisons of linguistic distri-
butions between groups and forms the basis for the
analyses presented in this paper.

3 Methodology

Several metrics and automatic analysis tools for the
evaluation of linguistic complexity in various use
cases exist to date, including the ExpLay resource
(Schacht and Delucchi Danhier, 2025) which im-
plements an automatic evaluation module based
on the approach of Park (2024), incorporating a
selected number of syntactic features automatically
extracted from the annotated corpus data.

To extend the approach of ExpLay into an ex-
tensive fine-grained analysis, this paper aims to
evaluate i) the divergence of the two sub-corpora,
quantifying the difference between them and ii)
the difference in linguistic profiles of the two sub-
corpora by following the objective of Teich et al.
(2016), who test if "classes have distinctive lin-
guistic correlates and, if so, how well the classes
are distinguished linguistically and which features
contribute most to their distinction". Linguistic pro-
filing has received growing attention within the last
couple of years and has increasingly influenced re-
search areas such as computational register analysis
(Argamon, 2019), which investigates divergences
between registers. As Profiling-UD (Brunato et al.,
2020) only accepts unparsed data, the raw ExpLay
data is re-parsed using the tool, to ensure a con-
sistent analysis throughout this study. The data
is then first evaluated using the DECAF frame-
work (Miiller-Eberstein et al., 2025), an automatic
tool under the MIT license originally designed for
the analysis and filtering of annotated datasets to
create specialized training-data according to the
respective research question or training objective,
which also offers a module for the evaluation of
divergence among corpora based on their linguis-
tic features. We apply DECAF to the data parsed
with Profiling-UD for divergence analysis. Subse-
quently, the data is processed with the Profiling-
UD tool itself, an automatic processing tool freely
available online for fine-grained linguistic profil-
ing analysis incorporating more than 130 linguistic

features automatically extracted from the data, of
which 113 are used in this study, based on their
availability in the web-application of Profiling-UD
(see the list in F for the sub-set used here). Those
were extracted first to identify the features that con-
tribute most strongly to the distinction between the
two groups and subsequently to integrate the iden-
tified distinguishing features into the classification
task, in order to test their predictive strength. The
categories of features in Profiling-UD include:

1. Raw Text Properties

2. Lexical Variety

3. Morpho-syntactic Information
4. Syntactic Features

This tool is task-agnostic and explicitly multi-
lingual, as it is built upon the UD-framework
(de Marneffe et al., 2021) and thus supports re-
search on language variation flexibly. Based on
the profiling results, the current study follows the
approach of Schacht and Delucchi Danhier (2025)
and Park (2024) by conducting a Principal Com-
ponent Analysis (PCA) (Jolliffe, 2002) as well as
a subsequent ANOVA on the extracted profiles.
These steps serve to reduce the multi-dimensional
profiling results to the features that contribute most
significantly to the variance in the data and to evalu-
ate the statistical significance of these contributions.
For both, the PCA and the subsequent creation of
the radar charts, the data is normalized applying the
standard scalar, mapping the values into a shared
dimensional space. The PCA is performed with
the Scikit library (Pedregosa et al., 2011) and the
ANOVA using the Scipy library (Wes McKinney,
2010), both under 3-Clause BSD license.

The evaluation will focus on the following
three research questions derived from the analy-
sis methodology:

1. How much do the two sub-corpora diverge
from each other?

2. Do the linguistic profiles of the domain-
experts differ from the profiles of the laypeo-
ple?

3. Do the domain-experts display more complex
linguistic structures than the non-experts?

In addition, two classic machine learning clas-
sifiers—a logistic regression model and a Support



Vector Machine (SVM) model—are trained for the
classifications of documents into the categories of
‘expert’ and ‘non-expert’ following Kunilovskaya
and Corpas Pastor (2021), Teich et al. (2016) and
Argamon (2019), not to improve classification ac-
curacy, but to validate the linguistic assumption of
register-distinction via linguistic features. We first
perform feature selection—identifying the most
predictive features for our classification task of clas-
sifying expert-ese productions—using the grafting
technique (Perkins et al., 2003) following Cimino
et al. (2017) and subsequently train the classifiers.
As these algorithms are feature based algorithms,
the classification is used to identify the most predic-
tive features of the two sub-corpora by virtue of the
grafting feature selection returning a ranked feature
importance list. These features will then be com-
pared to the results from the PCA and ANOVA. The
two classifiers are trained using the Scikit library
and are set with the default values of the SVM and
logistic regression. The grafting is implemented
via a custom script and the resulting feature vectors
are fed into the models. A five-fold cross-validation
is applied to the grafting algorithm. To compare the
feature-representation of the data—which can be
considered a mostly structural representation cap-
turing linguistic characteristics derivable from the
linguistic surface form—with a more semantic ap-
proach, which will represent more of the meaning
of the input data, a Bidirectional Long Short-Term
Memory (BiLSTM) (Hochreiter and Schmidhuber,
1997) model is trained and evaluated on the data as
well. For classification, we trained three BiLSTM
models using random, GloVe (Pennington et al.,
2014) (available under Apache-2.0 license), and
fastText (Grave et al., 2018) embeddings (avail-
able under CC BY-SA 3.0 license). Models were
trained for up to 15 epochs with early stopping and
standard hyperparameters. The Scikit library was
used for the implementation. In addition, two large
language models (the Bert-based encoder model
GliClass (Stepanov et al., 2025) available under
Apache-2.0 license and the LLaMA-2-7b-hf model
from Meta (Touvron et al., 2023), available on Hug-
gingFace upon request under meta license) were
evaluated in zero- and few-shot settings to com-
pare the performance of large-scale semantic rep-
resentations with that of smaller, feature-based ar-
chitectures. The GliClass model is a variation of
the GIINER architecture (Zaratiana et al., 2024)
with DeBERTa (He et al., 2020) at its core which
has been optimized for classification tasks. We
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tested the large-v3.0 version of GliClass with 439
Million parameters and the base-v2.0-rac version,
which was optimized on a Retrieval-Augmented
Classification (RAC) dataset for the few-shot sce-
nario of classification task by augmenting the train-
ing with retrieved most-similar examples of the
classes which it was trained upon. To run a decoder
architecture-designed for generation-against an en-
coder model, LLaMA 2 7b is also tested. LLaMA-
2-7b-hf is a 7 Billion parameter pre-trained, auto-
regressive decorder language model employing an
optimized transformer architecture trained on gen-
eral language and not fine-tuned on instructions.
Tested against the performance of the feature-based
models it will compare the predictive power of
both dimensions on the divergence of the two sub-
corpora. Should only the simpler BILSTM archi-
tecture proof to reliably handle the classification
of the two sub-corpora, this might indicate a poor
generalization on the part of the LLMs due to insuf-
ficient data. In case neither of the models perform
well on the task, we can assume the semantic to be
non-predictive for the classes.

3.1 Data and Data Collection

The data analyzed in this study originates from the
ExpLay Corpus (Schacht and Delucchi Danhier,
2025), which consists of experimental elicitation
data in German from spontaneous oral image de-
scriptions produced by participants with and with-
out architectural training and contains 130 produc-
tions in total. The corpus has been processed using
the accompanying ExpLay-Pipeline. Annotations
include morpho-syntactic and lexical parses, depen-
dency parsing within the Universal Dependencies
framework (de Marneffe et al., 2021), constituency
parsing, as well as compound and coreference an-
notation. For the corpus, two groups of 13 partici-
pants each were selected and matched by gender,
age, and multilingual status, to control for poten-
tial noise in the data. The expert-group consists of
five male and eight female and the laypeople group
of four male and nine female participants. The
participants’ age ranges from 19 and 32 years and
both groups include 12 monolingual and 1 bilin-
gual speaker. The degree of expertise in the expert-
group has to be categorized as semi-expert though,
as the participants were still students of architecture
at the time of data collection instead of established
architects, and domain-specific effects are still ex-
pected accordingly.



4 Results

Calculation of Divergence The calculation of
the JSD based on the parses from the Profiling-UD
tool resulted in a divergence of 0.25, which is con-
sidered a small divergence. Thus, the differences
between the two groups might be subtle, but con-
sidering the limited amount of data it still proves
valuable to evaluate the contribution of features
to the divergence. The top 6 features contributing
most to the divergence were Person, xpos, Verb-
Form, PronType, deprel, and upos (see Table 2 for
their strength of contribution).

Even though the contribution of the individual
features might be modest, it proves worthwhile to
examine how the variation between the corpora
takes shape. A closer look into the differences of
distribution of the top six contributing features re-
veals for example variation in the use of person,
with the experts using the first person more than
the non-experts while the non-experts tend to pre-
fer the third person, indicating a variation in the
description of perspective (see Table 3). In addi-
tion, experts seem to produce slightly more rela-
tive pronouns compared to non-experts (see Table
4), which might indicate a variation in descriptive
depth, as relative clauses add additional informa-
tion to their head. Such variation might point to dif-
ferences in semantics between the two sub-corpora,
motivating the further investigation of linguistic
patterns found within the two groups by means of
a deeper structural analysis as well as semantic
approaches.

Linguistic Profiling of the Sub-Corpora The
linguistic profiling was conducted on the unparsed
raw data and resulted in a total of 113 features out
of the full set of 130 available features automati-
cally selected and used by the parsing tool (see the
list in the Appendix F for the subset used in the
present study). The features are categorized into the
four broader categories presented in Section 3. The
syntactic features are then again grouped into sub-
categories according to Brunato et al. (2020). By
normalizing and subsequent pooling of the values
of the individual features by group and subcategory,
linguistic profiles were created in a shared dimen-
sional space. The standard scaler from the Scikit
library was applied for normalization and then the
mean was calculated by group per feature. To vi-
sualize variations in the different distributions of
those profiles radar charts were created, both for by-
sub-category and by-broad-category, to compare
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distributions. As can be derived from the combined
category profiles in Figure 1, the greatest varia-
tion between the two groups can be observed in
the raw text properties. Especially features like
token-length or tokens per sentence stand out if we
zoom into the radar chart of the raw text properties
in Figure 2 in the Appendix B. Experts seem to
produce overall longer tokens and longer sentences.
Additionally, the type-token-ratio in chunks of 100
tokens in the lexical variety chart (see also Figure 3)
is remarkable, as experts seem to produce a greater
variety of different tokens than non-experts, indicat-
ing more varied semantics. Both of these findings
could indicate a more specialized language in do-
main experts. Also, the morpho-syntactic profiles
in Figure 4 in appendix B of the expert sub-group
displays more varied characteristics than the pro-
files of the non-experts, by means of an elevated
lexical density and verbal characteristics. With re-
gard to the syntactic features, the profiling seems
to be able to replicate the initial findings of Schacht
and Delucchi Danhier (2025), as the experts exhibit
more pronounced tree structures.

Feature Profiles - Combined Categories

—— Non-expert
Expert

Raw Text Properties

02
01

0.0

02

Syntactic Features Lexical Variety

Morpho-syntactic Information

Figure 1: Radar chart of the combined categories pro-
files.

PCA and ANOVA To also statistically evaluate
the visual findings of the linguistic profiling dis-
cussed above, a PCA and ANOVA was performed
on the feature profiles of both groups. Via the PCA
the principle components that reflect the relations
among the variables the most can be extracted. By
analyzing which variables contribute most to the
first principle component (PC1) we can evaluate



Table 1: Classification reports (Micro-averaged Precision, Recall, and F1-scores) of the different classifiers across

groups.
Group Classifier Precision Recall F1-score
classic ML Logistic Regression 0.730 0.730 0.730
classic ML SVM 0.630 0.620 0.615
BiLSTM Random Embeddings 0.800 0.650 0.680
BiLSTM GloVe Embeddings 0.820 0.810 0.810
BiLSTM fastText Embeddings 0.890 0.880 0.880
GLiClass  large-v3.0/Zero-Shot 0.630 0.530 0.419
GLiClass  large-v3.0/Few-Shot 0.720 0.510 0.350
GLiClass  base-v2.0-rac/Zero-Shot 0.250 0.500 0.333
GLiClass base-v2.0-rac/Few-Shot 0.750 0.520 0.367
LLaMA2  Zero-Shot 0.740 0.510 0.348
LLaMA2  Few-Shot 0.680 0.630 0.609

the top variables contributing to the variation in
the data, as PC1 reflects the greatest explanation
of variance. Table 5 shows the explained variation
of the first three principal components, with PC1
explaining 15.17 % of the variation. This has to be
considered a small contribution, but as in the anal-
ysis of the JSD, bound by the limited availability
of data, effects are most likely modest.

Following Park (2024), a subsequent ANOVA
was performed on the top five contributing vari-
ables from the PC1, which can be seen in Table 6.
None of them turned out to be significant, but it
is still remarkable, that four of them belong to the
morpho-syntactic category (auxiliary distributions
and upos distributions) and one to the syntactic cat-
egory (average links length), supporting the finding
of Schacht and Delucchi Danhier (2025) of the ten-
dencies to variation in sentence structure, slight as
they may be.

Feature Selection and Traditional Machine
Learning Classifiers The implemented grafting
algorithm iteratively selected six features per clas-
sifier according to their predictiveness (see Table 7
for the selected features for the logistic regression
model and Table 8 for the features of the SVM).
For both models the most predictive feature was
character per token, supporting the previously pre-
sented importance of this feature. The majority of
the remaining features belong to morpho-syntactic
distributions, underscoring their predictiveness, as
observed in the radar charts already. The classifiers
were then trained on the selected features and tested
with a held-out test set of 20 percent of the original
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data set. To compare the performance of all mod-
els the micro-averaged F1-scores were calculated
for all of the models (see Table 1). Both models
performed reasonably well, with the logistic regres-
sion outperforming the SVM achieving an F1-score
of 0.73 while the SVM only achieved 0.615 (see
Table 1). This indicates a relatively strong predic-
tive power of the selected structural features and
supports the structural patterns of the respective
sub-corpus presented above.

Training of BiLSTM Models and Inference with
LLM To test the feature-based classifiers against
the model architectures that represent a richer se-
mantic, three different iterations of a BiLSTM
were trained using random, GloVe and fastText
embeddings. While GloVe captures more global
relations, fastText is considered to handle out-of-
vocabulary more robustly, which might be relevant
in the present scenario, where a specialized domain
vocabulary is assumed. Ten models were trained of
each iteration and the best performing model was
selected. While the model with random embed-
dings only achieved an F1-score of 0.68—which
already outperforms the SVM—the GloVe model
achieved 0.81 and the fastText 0.88 (refer to Table
1). This robust performance supports the assump-
tion that semantics might represent the variation in
the sub-corpora even more accurately than struc-
tural features, as these models are considered to
represent the data’s semantics due to their context-
oriented architecture. Of the LLMs, except for
the LLaMA 2 in the few-shot testing, all models
performed poorly indicating a poor generalization,



probably due to lack of data, as this is a compara-
tively small dataset. The LLaMa 2 in the few-shot
setting achieved an F1-score of 0.609, but the other
LLMs all scored below chance (compare Table 1).
This suggests that the application of LL.Ms in re-
search designs with very limited data might not be
an ideal choice and the more traditional model ar-
chitectures might be preferable in these scenarios.

5 Discussion

This study was conducted as a continuation of the
initial analysis by Schacht and Delucchi Danhier
(2025), extending their approach by comparing the
expert and layperson sub-corpora on the basis of
linguistic complexity while additionally employing
the DECAF and Profiling-UD frameworks to quan-
tify divergence between the groups. This provided
a measure of overall corpus-level distance, which
was subsequently complemented by a more fine-
grained analysis designed to identify the features
that distinguish the two groups and to construct
domain-specific linguistic profiles. These profiles
were then used as input for the training of tradi-
tional feature-based machine learning classifiers
and compared to the performance of LLMs on the
classification task, thereby combining exploratory
profiling with predictive modeling.

How much do the two sub-corpora diverge from
each other? In terms of quantification of the di-
vergence between the sub-corpora by JSD, the two
groups can be said to diverge at a level of 0.25.
While this value suggests a small yet measurable
difference, the PCA and ANOVA revealed only a
small proportion of explainable variation, with no
variables contributing significantly. Nonetheless,
an inspection of the subtleties of the linguistic pro-
files revealed tendencies that are in line with the
earlier findings of Schacht and Delucchi Danhier
(2025), while also pointing towards semantic varia-
tion as a promising direction for future research.

Do the linguistic profiles of the domain-experts
differ from the profiles of the laypeople? The
analysis of the linguistic profiles indicates that the
expert group does indeed differ from the non-expert
group, albeit subtly. The most prominent differ-
ences were found in raw text features, with experts
producing longer tokens and longer sentences, as
well as displaying greater lexical diversity. More-
over, the structural differences already suggested
in the initial analysis of Schacht and Delucchi Dan-
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hier (2025) are corroborated by the present find-
ings, reinforcing the assumption of distinct patterns
emerging in expert language use.

Do the domain-experts display more complex
linguistic structures than the non-experts? The
results suggest that the expert group tends to pro-
duce slightly more complex phrasal structures com-
pared to non-experts, thus supporting the tenden-
cies observed in the ExpLay study. However, while
syntactic complexity plays a role, the predictive
characteristics of the two groups appear to be more
pronounced in the domain of semantics. While the
effects observed in this study are comparatively
small, this is not unexpected given that the ExpLay
corpus represents only a small corpus of experi-
mental data. In contrast, many studies in register
analysis are based on much larger corpora, often
spanning millions of tokens, such as the work of Te-
ich et al. (2016) or Kunilovskaya and Corpas Pastor
(2021). Considering this, it is not unusual to ob-
serve only small effects on limited datasets. What
is noteworthy, however, is that even under these
conditions the data nevertheless displays tenden-
cies towards register-specific linguistic patterns.
Small as they may be, these tendencies indicate that
there is indeed detectable variation in the language
use of domain-experts within the architectural do-
main. The differences identified in the present
study are subtle, but they mirror the initial find-
ings of Schacht and Delucchi Danhier (2025). In
particular, experts display a tendency towards more
complex sentence and phrasal structures as well
as an elevated use of content words. While some
of the structural features proved less predictive in
isolation, a closer examination of the individual
features reveals that many of these differences ul-
timately point towards semantic variation. All in
all, the combination of several indicators—the di-
vergence in perspective and description depth as
reflected in the JSD and the accompanying fea-
tures, the elevated lexical variety, longer tokens
and sentences (suggesting higher content produc-
tion and potentially greater information density per
token, with token length in particular functioning
as a proxy for the presence of content words)—all
contribute to an overall picture of semantic rich-
ness. These findings mirror those of Schacht and
Delucchi Danhier (2025), who likewise found an
elevated use of content words in the expert sub-
corpus. The strong performance of the context-
based BiLSTM model provides further support for



this interpretation. Since BiLSTMs are particularly
effective in capturing rich semantic representations
of data, their superior performance compared to tra-
ditional feature-based classifiers suggests that the
predictive characteristics of the corpus are rooted
more strongly in semantics than in structural fea-
tures. Had the classical machine learning algo-
rithms performed comparably or even better, this
would have indicated a stronger reliance on struc-
tural predictiveness. Instead, the outperformance
of BiLSTM with fastText embeddings—well suited
to handling out-of-vocabulary tokens that are ex-
pected to occur in specialized, domain-specific data
such as the present corpus—points clearly towards
the presence of predictive semantics. Taken to-
gether, these findings closely match the characteri-
zation of expert-language as the "use of specialist
terminology, nominal style, and high lexical den-
sity" of Teich et al. (2016) introduced in Section 1
and support the assumption of Teich et al. (2021)
of conventionalized linguistic codes among pro-
fessionals of a field and those being a cognitive
result of expertise emerging from the specific com-
municative demands in their functional context as
Argamon (2019) hypothesized. Thus, while the
observed differences remain minor in scope, they
nevertheless indicate that domain-specific regis-
ters can be distinguished even in relatively small
datasets, thereby supporting the claims of capturing
representative patterns of domain variation in the
line of research of linguistic profiling. Future work
could extend this approach by conducting human
classification experiments to examine how reliably
listeners can distinguish expert from non-expert
language. In addition, information-theoretic anal-
yses could explore how differences in linguistic
structure relate to patterns of information density
across groups. The present study strengthens our
understanding of how domain expertise manifests
linguistically and opens up future directions to in-
vestigate combined structural, semantic and infor-
mation theoretic characteristics of ‘expert-ese’.

6 Limitations

While this study provides insights into linguistic
variation between experts and non-experts, sev-
eral limitations must be acknowledged. First, the
dataset is relatively small, reflecting the difficulty
of collecting high-quality, naturalistic elicitation
data. This constrains the statistical power of the
analysis and the performance of the models. Par-
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ticularly classifiers typically require substantial
amounts of data to be trained and perform robustly.
This also affects potential fine-tuning experiments
involving pre-trained models, as the limited amount
of documents will most likely not be sufficient to
fine-tune a pre-trained model on the classification
task. The findings of the present study must there-
fore be interpreted as indicative rather than exhaus-
tive. Second, as the study relies on automatically
parsed data, any annotation errors may propagate
through subsequent analysis, though state-of-the-
art tools were used to minimize this risk. While this
issue could be alleviated by more extensive manual
curation of the automatic annotations, such cura-
tion is very costly in human resources and therefore
beyond the scope of this study. Finally, the study
focuses exclusively on the domain of architecture,
which limits the generalizability of the findings.
Replicating the approach across domains and with
larger datasets will be essential for testing the ro-
bustness and transferability of the observed pat-
terns.
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A Divergence Experiments

DECATF operates by running a high-dimensional
data analysis on the indexed input data and subse-
quently calculating the JSD (Wong and You, 1985),
which is a metric based on the Kullback-Leibler
divergence (KLD) (Kullback and Leibler, 1951),
which in turn is a quantification of the distance
between the distributions of probabilities. Unlike
KLD, however, the JSD is a symmetric measure,
thus it is not important which of the distributions is
being referenced. The divergence was calculated
on the the values of the following feature types:
Abbr; Case, Definite, Degree, ExtPos, Foreign, Gen-
der, Mood, NumForm, NumType, Number, Person,
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Polarity, Poss, PronType, Reflex, Style, Tense, Typo,
VerbForm, Voice, deprel, upos, and xpos. Out of
the full set, the top six contributing features are
displayed in Table 2.

Table 2: Contribution of the top 6 variables in the JSD.

Variable  Contribution score
Person 0.070
Xpos 0.050
PronType 0.050
VerbForm 0.050
deprel 0.050
upos 0.040

The contribution of the use of person in the two
sub-corpora is pointed out in Table 3.

Table 3: Contribution of the use of person in both
groups.

Group First Person Third Person
Experts 0.135 0.864
Non-experts 0.071 0.928

Table 4: Contribution of the use of pronoun types in
both groups.

Pronoun Type Experts Non-experts
Art 0.625 0.629
Dem 0.033 0.036
Ind 0.144 0.178
Int 0.001 0.002
Neg 0.005 0.005
Prs 0.143 0.105
Rel 0.049 0.041

B Linguistic Profiling Experiments

The following four radar charts display the profiles
of the two sub-groups by the four main categories
of the linguistic profiling analysis. The first one is
depicting the raw text property profiles (see Figure
2) and lexical variety profiles (see Figure 3).

The second radar chart shows the morpho-
syntactic information profiles (see Figure 4) and
syntactic features profiles (see Figure 5).
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Figure 2: Radar charts of the raw text property profiles.
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Figure 3: Radar charts of the lexical variety profiles.
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Figure 4: Radar charts of the morpho-syntactic informa-
tion profiles.
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Figure 5: Radar charts of the syntactic features profiles.

C PCA Experiments

The following table show the explained variation of
the PCs in the PCA (Table 5 and the results of the
one-way ANOVA conducted on the contributing
variables from PC1 in Table 6.

Table 5: Explained variation of the components of the
PCA.

Components Explained variation
PC1 15.170%
PC2 13.230%
PC3 9.530%

Table 6: Results of one-way ANOVA for the top 5
contributing linguistic features of PC 1.

Variable F-statistic p-value
avg_links_len 1.946 0.176
aux_form_dist_Fin 0.001 0.972
aux_tense_dist_Pres 0.002 0.964
aux_mood_dist_Ind 0.051 0.823
upos_dist. NOUN 0.015 0.904

D Feature Selection via Grafting



Table 7: Grafting feature selection from logistic regres-
sion coefficients and their absolute values for the se-
lected features.

Feature Abs. Coefficient
char_per_tok 1.663
verb_edges_dist_0 0.845
dep_dist_root 0.732
dep_dist_csubj 0.502
upos_dist_ AUX 0.251
verbs_num_pers_dist_Plur+ 0.138

Table 8: Grafting feature selection from SVM coeffi-
cients and their absolute values for the selected features.

Feature Abs. Coefficient
char_per_tok 0.491
upos_dist_PART 0.453
dep_dist_csubj 0.173
dep_dist_mark 0.172
ttr_lemma_chunks_200 0.124
verbs_tense_dist_Past 0.029

E Model Evaluation

The following table shows the full classification
reports from all tested models.

F Profiling Features

The following list displays the subset
of features from the Profiling-UD tool
used in the present study: n_sentences,
n_tokens, tokens_per_sent, char_per_tok,
ttr_lemma_chunks_100, ttr_lemma_chunks_ 200,
ttr_form_chunks_100, ttr_form_chunks_200,
upos_dist_ADJ, upos_dist_ADP, upos_dist ADV,
upos_dist_AUX, upos_dist_ CCONJ,
upos_dist_DET, upos_dist_NOUN,
upos_dist_ NUM, upos_dist_PART,
upos_dist_PRON, upos_dist_PROPN,
upos_dist_PUNCT, upos_dist_SCONJ,
upos_dist_VERB, upos_dist_X, lexical_density,
verbs_tense_dist _Past,
verbs_mood_dist_Imp,
verbs_mood_dist_Sub, verbs_form_dist_Fin,
verbs_form_dist_Inf, verbs_form_dist_Part,
verbs_num_pers_dist_Plur_,

verbs_num_pers_dist_Plur_1,

verbs_num_pers_dist_Plur_3,

verbs_num_pers_dist_Sing_,

verbs_num_pers_dist_Sing_1,

verbs_tense_dist_Pres,
verbs_mood_dist_Ind,
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_3,
aux_tense_dist_Pres,
aux_mood_dist_Sub,

aux_form_dist_Inf,

verbs_num_pers_dist_Sing
aux_tense_dist_Past,
aux_mood_dist_Ind,
aux_form_dist_Fin,
aux_num_pers_dist_Plur_3,
aux_num_pers_dist_Sing_1,
aux_num_pers_dist_Sing_3,
bal_head_per_sent,
avg_verb_edges,
verb_edges_dist_1,
verb_edges_dist_3,
verb_edges_dist_)5,
avg_max_depth,

ver-
verbal_root_perc,
verb_edges_dist_0,
verb_edges_dist 2,
verb_edges_dist_4,
verb_edges_dist_6,
avg_token_per_clause,
avg_max_links_len, avg_links_len,
max_links_len, avg_prepositional_chain_len,
n_prepositional_chains, prep_dist_I, prep_dist_2,
prep_dist_3, obj_pre, obj_post, subj pre,
subj_post, dep_dist_acl, dep_dist_advcl,
dep_dist_advmod, dep_dist_amod,
dep_dist_appos, dep_dist_aux, dep_dist_aux:pass,
dep_dist_case, dep_dist_cc, dep_dist_ccomp,
dep_dist_compound, dep_dist_compound:prt,
dep_dist_conj, dep_dist_cop, dep_dist_csubj,
dep_dist_dep, dep_dist_det, dep_dist_det:poss,
dep_dist_expl, dep_dist_expl:pv, dep_dist_fixed,
dep_dist_iobj, dep_dist_mark, dep_dist_nmod,
dep_dist_nmod:poss, dep_dist_nsubj,
dep_dist_nsubj:pass, dep_dist_nummod,
dep_dist_obj, dep_dist_obl, dep_dist_parataxis,
dep_dist_punct, dep_dist_root, dep_dist_xcomp,
principal_proposition_dist, subordi-
nate_proposition_dist, subordinate_post, sub-
ordinate_pre, avg_subordinate_chain_len,
subordinate_dist_1, subordinate_dist_2, subordi-
nate_dist 3



