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Message from the General Chair

Welcome to the LREC 2026 Workshop on "Resources and Processing of
linguistic, para-linguistic and extra-linguistic Data from people with various forms of
cognitive/psychiatric/developmental impairments”, this year in a cooperation with the
"MENTAL.ai consortium” (RaPID-6@MENTAL.ai). This volume documents the Proceedings
of the RaPID-6@MENTAL.ai Workshop, held on Tuesday afternoon, May 12th, 2026, as part
of the 15th edition of the LREC 2026 conference "the International Conference on Language
Resources and Evaluation”.

RaPID-6@MENTAL.ai aims to be an interdisciplinary forum for researchers to share information,
findings, methods, models and experience on the collection and processing of data produced
by people with various forms of mental, cognitive, neuropsychiatric, or neurodegenerative
impairments, such as aphasia, dementia, autism, bipolar disorder, Parkinson’s disease, or
schizophrenia. Like the previous five editions, the RaPID-6@MENTAL.ai workshop’s focus is
on creation, processing, and application of data resources from individuals at various stages
of these impairments and with varying degrees of severity. Creation of resources includes
e.g. annotation, description, analysis, and interpretation of linguistic, paralinguistic and extra-
linguistic data (such as spontaneous spoken language, transcripts, eye tracking measurements,
wearable and sensor data, etc). Processing is done to identify, extract, correlate, evaluate and
disseminate various linguistic or multimodal phenotypes and measurements, which then can
be applied to aid diagnosis, monitor the progression, or predict individuals at risk.

RaPID-6@MENTAL.ai invited submissions of papers in all of the aforementioned research
areas, particularly emphasizing the multidisciplinary aspects of processing such data and
the interplay between clinical, nursing, medical sciences, language technology, computational
linguistics, natural language processing/artificial intelligence (NLP/Al), and computer science.
The workshop serves as a catalyst for discussing several ongoing research questions that drive
both current and future research endeavours, by bringing together researchers from diverse
communities. The workshop invited papers describing original research, preferably presenting
substantial and completed work, while also welcoming contributions such as negative results,
interesting application nuggets, software packages / tools / platforms, small works, or works
in progress. It stimulated discussions on various ongoing research questions and challenges
by uniting researchers from different communities. We extend our gratitude to the members of
the Scientific Program Committee (SPC) for their diligent efforts in reviewing and evaluating all
submissions. Each submission received between 2 to 4 reviews, aiding authors in revising and
improving their papers accordingly.

There were 12 contributions accepted for the workshop.

Keynote speakers of RaPID-6@MENTAL.ai were:

« Brian MacWhinney, Teresa Heinz Professor of Cognitive Psychology, Carnegie Mellon
University, USA: TalkBank resources for studying functional communication in language
disorders - a survey; and,

* Sunny X. Tang, Associated professor of psychiatry, MD, Feinstein Institutes for Medical
Research, Northwell Health, USA: Speech and language markers for clinical applications
in psychiatric disorders.



Workshop URL: https://spraakbanken.gu.se/en/rapid-2026.



The MENTAL.ai - Summary and Objectives

The MENTAL.AIl (actually the MENTAL.Al@CaeSAR*) project aims to develop new
Al-based approaches to improve the detection, monitoring, diagnosis, and management of
psychiatric disorders and neurodegenerative diseases, such as depression, schizophrenia,
and Alzheimer's disease. These conditions currently represent a major public health
challenge, affecting millions of people worldwide and having a significant impact on
patients, their families, and healthcare systems. The project’s goal is to contribute to the
development of the 6P medicine (personalized, predictive, preventive, participatory, proof-
based, and pathway-oriented) by leveraging the advanced analytical capabilities of Al. By
combining various data sources, including text, speech, vision, neuroimaging, behavioral and
environmental signals, the project seeks to identify digital markers (digital phenotyping) that
allow for earlier symptom detection and a better understanding of disease progression.

The project is based on several complementary research axes. The first involves creating
a multimodal and multilingual dataset from clinical interviews conducted via a dedicated
digital platform A2MIMO**, allowing for the collection of textual, speech, and behavioral and
environmental information (Working Package, WP1). The second aims to develop methods
for automatically analyzing patient-therapist interactions to identify linguistic, emotional, or
cognitive markers characteristic of specific disorders (WP2). A third axis focuses on analyzing
neuroimaging data (MRI, PET) combined with structured tabular information using advanced
machine learning techniques to improve diagnostic accuracy, predict disease progression and
evaluate patient risks (WP3). The project also explores the use of generative language models
to automatically produce clinical reports from medical interviews or imaging data, thereby
reducing the administrative burden on healthcare professionals (WP4). Finally, special attention
is given to the ethical and legal issues related to the use of Al in the sensitive field of mental
health, particularly data protection, patient consent and autonomy, the respect of patients’
psychological integrity, liability and accountability, and transparency and disclosure (WP5).
MENTAL.Al@CaeSAR relies on an international, interdisciplinary consortium bringing together
researchers in computer science, neuroscience, psychiatry, linguistics, cognitive science,
and law. By combining these areas of expertise, the project aims to lay the foundation
for a new generation of digital tools capable of assisting clinicians in decision-making and
improving patient care. In the long term, this work could reshape practices in mental and brain
health, supporting earlier diagnoses, precision treatments, and patient-centered monitoring that
protects essential neuro-rights.

Start and end dates: 12/2025 - 12/2029
Principal Investigator: Gaél Dias, GREYC UMR 6072

seneration of clinical notes: ° Legal and ethical regulations Deliverables

1 6P medicine :



x CaeSAR: Caen, Stratégie pour I'’Accélération en Recherche
xx A2MIMO: Artificial Agent for Mind Monitoring
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Topics of interest for the RaPID-6 @MENTAL.ai

The topics of interest for the workshop session included but were not limited to:

» Guidelines, methods and protocols for (remote) data collection and/or annotation
(schemas, tools)

* Infrastructure for the domain: building, adapting and sharing of linguistic resources, data
sets and tools

» Acquisition and combination of novel data samples; including digital biomarkers,
continuous streaming, monitoring and aggregation of measurements; as well as self-
reported behavioral and/or physiological and activity data

» Addressing the challenges of representation, including dealing with data sparsity and
dimensionality issues, feature combination from different sources and modalities

» Domain adaptation of NLP/Al tools

 Acoustic/phonetic/phonologic, syntactic, semantic, pragmatic and discourse analysis of
data; including modeling of perception (e.g. eye-movement measures of reading) and
production processes (e.g. recording of the writing process by means of digital pens,
keystroke logging etc.); use of gestures accompanying speech and non-linguistic behavior

» Use of wearable, vision, and ambient sensors or their fusion for detection of cognitive
disabilities or decline

* (Novel) Modeling and deep / machine learning approaches for early diagnostics, (severity)
prediction, monitoring, classification, such as:

— multimodal learning
— large pre-trained Transformer language models [LLMs]
— explainable and interpretable Al models

» Evaluation of the significance of features for screening and diagnostics

» Evaluation of tools, systems, components, metrics, applications and technologies
including methodologies making use of NLP/AI; e.g. for predicting clinical scores from
(linguistic and/or digital) features

+ Digital platforms/technologies for cognitive assessment and brain training
 Evaluation, comparison and critical assessment of resources
* Involvement of medical/clinical professionals and patients

« Ethical, gender bias, legal and safety questions in research with human data in the domain,
and how they can be handled

» Deployment, assessment platforms and services as well as innovative mining approaches
that can be translated to practical/clinical applications

» Experiences, lessons learned and the future of NLP/Al in the area
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Abstract

We evaluate cognitive impairment (Cl) classification from transcripts of speech in English, Slovene, and Korean. We
compare zero-shot large language models (LLMs) used as direct classifiers under three input settings—transcript-only,
linguistic-features-only, and combined—with supervised tabular approaches trained under a leave-one-out protocol.
The tabular models operate on engineered linguistic features, transcript embeddings, and early or late fusion of
both modalities. Across languages, zero-shot LLMs provide competitive no-training baselines, but supervised
tabular models generally perform better, particularly when engineered linguistic features are included and combined
with embeddings. Few-shot experiments focusing on embeddings indicate that the value of limited supervision is
language-dependent, with some languages benefiting substantially from additional labelled examples while others
remain constrained without richer feature representations. Overall, the results suggest that, in small-data Cl detection,
structured linguistic signals and simple fusion-based classifiers remain strong and reliable signals.

Keywords: cognitive decline detection, large language models, tabular foundation models, feature fusion

1. Introduction

Cognitive impairment (Cl) refers to a state in which
a person’s cognitive functioning is below the ex-
pected level and is a diagnosable condition (Ray
and Davidson, 2014). CI can involve varying de-
grees of deterioration of cognitive abilities such
as memory, attention, executive functioning, and
language, and it is often associated with neurode-
generative diseases like Alzheimer’s disease (AD)
and other conditions that cause dementia (Morley,
2018). Although relatively advanced Cl associated
with such diseases is often preceded by a mild cog-
nitive impairment (MCI) phase, not all individuals
with MCI progress to dementia (Petersen, 2016).
Early identification of Cl is essential to enable timely
and appropriate clinical intervention, patient sup-
port, and participation in preventive or therapeutic
programmes (Livingston et al., 2024).

Traditional diagnostic assessments for cogni-
tive impairment include neurophysiological tests
(Nasreddine et al., 2005), clinical and functional
assessments (O’'Bryant et al., 2008), neuroimaging
and biomarker assessments (Hampel et al., 2018),
and clinical interviews and observation (McKhann
et al., 2011). Many of these assessments involve
language, as individuals with CI frequently exhibit
lexical retrieval difficulties, semantic degradation,
syntactic simplification, and reduced discourse or-
ganisation, reflecting underlying deterioration in se-
mantic memory and executive control (Taler and
Phillips, 2008; Fraser et al., 2015; Boschi et al.,
2017). For example, picture description tasks such

1

as the Cookie Theft task (Goodglass and Kaplan,
1983) prompt individuals to describe a complex vi-
sual scene. The resulting descriptions enable qual-
itative and quantitative assessment of language
production, including lexical retrieval, syntactic for-
mulation, fluency, informativeness, and narrative
organisation.

However, traditional diagnostic tools can be
limited in their ability to detect early cognitive
changes (Trzepacz et al., 2015) and often require
in-person administration by trained professionals,
making them resource-intensive, time-consuming,
and impractical for frequent or large-scale screen-
ing (Slegers et al., 2018). Their outcomes can fur-
thermore be affected by education and language
background, introducing cultural and linguistic bias
(Ramos-Henderson et al., 2025). Finally, because
they are typically administered infrequently in clini-
cal settings, they provide only snapshots of cogni-
tion rather than a continuous measure of change
(Patnode et al., 2020).

Computational methods—particularly those
leveraging Natural Language Processing (NLP),
Machine Learning (ML), and Deep Learning
(DL)—address several limitations of traditional
assessments by enabling automated and fine-
grained analysis of spontaneous speech. Such
approaches can capture subtle linguistic and
discourse changes that may precede clinical
diagnosis, operate remotely and non-invasively,
and allow for repeated or continuous monitoring
over time (De la Fuente Garcia et al., 2020).
While computational approaches risk inheriting or
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amplifying linguistic and cultural biases present in
existing assessments, they also have the potential
to support diagnosis by trained clinicians when
developed and evaluated responsibly.

With recent advances in pretrained foundation
models and increased accessibility of computa-
tional resources, research on automatic Cl detec-
tion from language has begun shifting from clas-
sical ML approaches that rely on expert-selected
symbolic features towards methods built around
pretrained language models and general-purpose
tabular predictors (reviewed in Section 2). In
this study, we compare inference-only foundation-
model baselines (multilingual Large Language Mod-
els (LLMs) and tabular foundation models) against
classical ML and fusion-based approaches across
three languages, under unified zero-shot, few-shot,
and leave-one-out evaluation protocols.

2. Related Work

Many studies investigating the detection and pre-
diction of cognitive decline have employed classical
ML approaches (Huang et al., 2024; Kaser et al.,
2024). For example, Luz et al. (2021) employed
a range of classical ML models—including linear
discriminant analysis, decision trees, k-nearest
neighbours, random forests, and support vec-
tor machines—to classify Alzheimer’s vs. healthy
speech and to predict scores obtained with the Mini-
Mental State Examination test. These models were
built on manually engineered acoustic and linguistic
feature sets.

More recently, others have moved to using Large
Language Models (LLMs) for feature extraction.
For example, de Arriba-Pérez et al. (2024) automat-
ically extracted a large set of high-level, content-
independent linguistic features from free dialogues
using ChatGPT' prompts, alongside traditional n-
gram features. These features were then analysed,
selected, and used to train classical ML classifiers
to detect cognitive decline. Other studies employed
DL techniques, such as BERT-based transformer
classifiers (Mao et al., 2022; llias and Askounis,
2022; Pahar et al., 2025; Zhu et al., 2022).

Large Language Models (LLMs) are increasingly
employed as direct classifiers for cognitive decline
detection (e.g., Jiang et al., 2026). Zheng et al.
(2024) used pre-trained LLaMA-22 models with
prompt engineering, Low-Rank Adaptation (LoRA)
fine-tuning, and conditional learning to classify AD
from speech transcripts of the ADReSS dataset
(Luz et al., 2020). Guan et al. (2025) presented CD-
Tron, a system built on the clinical LLM GatorTron®,
fine-tuned on labelled electronic health record note

'https://chat.openai.com/
2https://www.llama.com/llama2/
®https://huggingface.co/UFNLP/gatortron-base

sections to detect early cognitive decline, and re-
ported substantial improvements over smaller trans-
formers and GPT-4. Botelho et al. (2024) used
LLMs both as predictors and as feature extractors,
prompting LLMs to produce interpretable macro-
descriptors (e.g., coherence, lexical diversity, word-
finding difficulty) which were then used as inputs
to simple classifiers for AD detection.

Most studies reviewed above, both classical
ML and LLM-based approaches, have focused on
monolingual settings, with the majority using only
English data. This makes it difficult to assess how
well these paradigms transfer across languages
and elicitation paradigms.

Tabular foundation models have recently been
proposed as general-purpose predictors for struc-
tured data, enabling strong performance on small
tabular datasets via in-context learning and reduc-
ing the need for task-specific training (Hollmann
et al., 2025). In the cognitive decline domain, Ding
et al. (2026) apply TabPFN to longitudinal AD mod-
elling on the TADPOLE benchmark, predicting clin-
ical diagnosis and cognitive scores from tabular
patient records. Related work explores TabPFN-
based approaches for dementia-related prediction
in other neurodegenerative settings, such as pre-
dicting Parkinson’s disease dementia using a hybrid
LightGBM-TabPFN model with SHAP-based inter-
pretability (Tran and Byeon, 2024). These studies
do not use language data directly, and comparisons
to language-based CI detection remain limited.

2.1. This study

Prior work has not systematically compared (i) clas-
sical ML models with expert-assisted linguistic fea-
tures, (ii) embedding-based tabular models, (iii)
tabular foundation models, and (iv) prompted LLM
classifiers under a unified protocol and across mul-
tiple languages. In the present study, we con-
duct within-language experiments for three lan-
guages—English, Slovene, and Korean—and com-
pare symbolic-feature-based models, embedding-
based models, fusion strategies, and zero-shot
LLM baselines under unified leave-one-out, zero-
shot, and few-shot protocols. We further analyse
representation alignment between symbolic fea-
tures and embeddings to understand when and
why multimodal fusion helps in small-data Cl detec-
tion.
Our research questions (RQs) are as follows.

» RQ1: How well do LLMs (specifically, gpt-oss-
20b and med-gemma-27b) discriminate Cl vs.
Healthy Control (HC) participants across three
languages under zero-shot prompting?

+ RQ2: How sensitive to the input modality
(transcript-only, linguistic-features-only, or tran-
script+features) is the performance of LLMs?



* RQ3: Do expert-assisted symbolic linguis-
tic features improve CI classification when
paired with tabular models (TabPFN, RealMLP,
and classical baselines) compared to (i)
embedding-only representations and (ii) LLM-
based classifiers, and are gains consistent
across languages and evaluation paradigms?

* RQ4: Which integration strategy yields the
best and most stable performance across lan-
guages among embeddings-only, symbolic-
features-only, and multimodal fusion (nor-
malised concatenation / feature reweighting,
or late fusion), under both leave-one-out and
few-shot evaluation?

3. Data and preprocessing

3.1.

To evaluate cross-linguistic generalisability and per-
formance stability, we ran parallel experiments on
three languages: English, Slovene, and Korean.
The English and Slovene datasets were obtained
from corpora of recordings of picture description
tasks, while the Korean data came from a corpus
of structured interviews. The English and Slovene
datasets include participants with AD and HCs,
while the Korean dataset includes participants with
MCI and HCs. In all experiments we treat the pos-
itive class as PATIENT (AD or MCI, depending on
the dataset) and the negative class as CoNTROL
(HC).

The included datasets are listed below, and Ta-
ble 1 summarises the number of participants and
diagnostic labels per dataset.

Datasets

English: The English dataset consists of a sub-
set of Cookie Theft Picture Descriptions from
the Pitt Corpus (Becker et al., 1994; the orig-
inal corpus is available on DementiaBank,
MacWhinney et al., 2011), pre-processed for
the ADReSS challenge (Luz et al., 2020). It
includes participants with AD and Healthy Con-
trols (HCs).

Slovene: The Slovene dataset was collected as
part of the CogLiTreat project, which investi-
gated behavioural and transcranial magnetic
stimulation interventions for language disor-
ders. It includes recordings and transcripts of
Slovene AD patients and control participants
from the Ljubljana region who described the
New Cookie Theft picture (Berube et al., 2019).
The participants’ responses were recorded
and the detection of speech and silence was
performed automatically using Praat (Boersma
and Weenink, 2021). The recordings were or-
thographically transcribed by one of the inter-
viewers and cross-checked by an independent

native speaker of Slovene. Finally, each ut-
terance was assigned to the participant or in-
terviewer manually by the first author of the
present study. We note two potential con-
founding factors. First, the patient record-
ings were delivered in a different file format
(m4a) than the control group (WAV), which
may have introduced confounds during pre-
processing (e.g., silence detection may be-
have differently across formats). Second, the
experimenter differed between the two groups,
which may affect language use due to con-
versational alignment effects (Pickering and
Garrod, 2004; Freud et al., 2018). We return
to these issues in Section 8.

Korean: The Korean dataset was obtained from
the Kang corpus, available on DementiaBank
(MacWhinney et al., 2011). The Kang cor-
pus includes participants with MCI and HCs.
Each participant took part in a structured inter-
view consisting of 16 questions. The corpus
includes manual transcriptions.

3.2. Transcript pre-processing

For each dataset, we extracted the participant utter-
ances and removed non-orthographic annotations
(e.g., the use of (.)’ to indicate short pauses in the
Pitt corpus).

For the English and Slovene datasets, each utter-
ance was processed using that language’s model
from the Stanza NLP library (Qi et al., 2020). Af-
ter tokenisation, tokens labelled as punctuation
were excluded, and for each remaining token we
extracted the surface form, lemma, universal part-
of-speech (UPOS) tag, dependency relation, and
syntactic head index.

For Korean, we used the MeCab morphological
analyser for tokenisation and part-of-speech (POS)
tagging (Kudo, 2005). Tokens labelled as punctua-
tion were excluded (SF: sentence-final punctuation;
SP: comma/pause; SS: brackets/quotation marks;
SE: ellipsis; SO: other symbols), and the remaining
POS tags were converted to their UPOS equiva-
lents (Park and Tyers, 2019). Dependency-based
features were not extracted for Korean, as MeCab
does not provide dependency parsing.

3.3. Features

From the preprocessed participant-only transcripts
we extracted eleven linguistic features that were re-
ported as indicative of AD-related language change
in a recent systematic review (Shankar et al., 2025).
All features were calculated over all utterances
per participant and per task. For Korean, two



Dataset Condition Patients Controls Total Patient/Control (%)
English AD 78 78 156 50.0/50.0
Slovene AD 12 15 27 44.4/55.6
Korean MCI 40 37 77 51.9/48.1
Total - 130 130 260 50.0/50.0

Table 1: Participant statistics per dataset with within-dataset class proportions. AD: Alzheimer’s Disease;

MCI: Mild Cognitive Impairment.

dependency-based features (idea density and syn-
tactic complexity) could not be computed (see Sec-
tion 3.2); these values are treated as missing and
handled by the imputation procedure described in
Section 4.2.

Speech Rate The number of words uttered by the
participant, divided by the total duration of the
task in seconds. In English and Slovene, we
divided the number of words by the duration
from the start of the first participant utterance
to the end of the last participant utterance, with-
out excluding interviewer speech. In Korean,
we excluded interviewer speech from the du-
ration because the interviewer took a more
active role due to the structured nature of the
task. Interviewer speech could not be consis-
tently removed from the total duration in En-
glish because accurate time-stamps were not
available.

Type-Token Ratio The number of unique tokens
in the participant’s speech divided by the total
number of words they uttered.

Repetitiveness The mean cosine distance be-
tween embeddings (produced by Sentence-
BERT; Reimers and Gurevych, 2019) of each
consecutive pair of participant utterances.

Coherence The mean cosine distance of embed-
dings (produced by Sentence-BERT; Reimers
and Gurevych, 2019) between all possible
pairs of different participant utterances.

Familiarity The mean familiarity per unique word
used by the participant. Familiarity is ex-
pressed as the number of occurrences per mil-
lion words in speech corpora, provided by fre-
quency reference lists for each language (Do-
brovoljc, 2018; Leech et al., 2014; Kim et al.,
2024).

Idea Density The number of main verbs divided
by the total number of tokens uttered by the
participant. Not computed for Korean (Sec-
tion 3.2).

Syntactic Complexity The mean maximal syn-
tactic tree depth per participant utterance. Not
computed for Korean (Section 3.2).

Verb Ratio The number of verbs divided by the
total number of tokens.

Noun Ratio The number of nouns divided by the
total number of tokens.

Pronoun Ratio The number of pronouns divided
by the total number of tokens.

Pronoun to Noun Ratio The number of pronouns
divided by the total number of nouns.

4. Modelling Methodology

4.1. Task and Data

We study binary classification of Cl (AD or MCI,
depending on the dataset) versus HC from speech-
derived inputs. We evaluate performance sepa-
rately for three languages: English, Slovene, and
Korean (Section 3.1). All experiments are con-
ducted within-language (i.e., training and evalua-
tion never mix languages), and results are reported
per language and aggregated across languages.

4.2,

We compare three input configurations derived from
each sample.

Input Representations

(1) Symbolic linguistic features. We use an 11-
dimensional vector of expert-assisted textual fea-
tures:

Xfeat € RH»

corresponding to the features listed in Section 3.3.
For Korean, two feature dimensions are missing
and are handled by imputation within each fold (see
below).

(2) Embedding-based representation. We com-
pute a fixed-dimensional dense embedding from
the transcript of the participant’s utterances
using a frozen multilingual embedding model
(google/embedding—gemma—300m):

Xemb = femb(t): Xemb € R%.

Embeddings are computed once and reused across
all evaluation runs.



(3) Fusion of embeddings and features. We
consider two fusion strategies that combine the
embedding and symbolic feature modalities.

For early fusion, we preprocess each modality
independently, re-weight the symbolic features to
compensate for the dimensionality imbalance (d >>
11), and concatenate into a single vector passed to
one classifier:

d

w = 11’ Xearly = [iemb ;W - Xfeat }

For late fusion, we train two independent classi-
fiers of the same family—one on %, and one on
Xteat—and combine their outputs by averaging the
predicted class probabilities:

. 1/, . N .
Piate = 5 (pemb + pfeat)a Jiate = 1 [plate > 0-5]-

2
This decision-level combination allows each modal-
ity to be preprocessed and modelled independently
before fusion.

Preprocessing. To prevent data leakage, all pre-
processing steps are fit using training data only
within each evaluation fold or episode. We apply
median imputation per feature dimension using a
SimpleImputer fit on the training split. We stan-
dardise each feature dimension using z-score nor-
malisation (StandardScaler) fit on the training
split. For both fusion variants, embeddings and
symbolic features are imputed and standardised
separately.

4.3. Models

We compare tabular foundation models, classical
ML baselines, and prompted LLMs.

4.3.1. Tabular and Foundational Models

We train the following classifiers per language and
representation (embeddings, features, early fusion,
and late fusion): TabPFN (foundational in-context
tabular classifier), RealMLP (tabular deep learning
baseline), Logistic Regression (LR), Random For-
est (RF), Support Vector Machines (SVM) with both
linear (SVM-Linear) and radial basis function (SVM-
RBF) kernels, LightGBM (LGBM), and k-nearest
neighbours (k-NN) with k£ € {3,5,7}. For late fu-
sion, each model family is instantiated twice per
fold or episode (once per modality) and their pre-
dicted probabilities are averaged as described in
Section 4.2.

4.3.2. LLM-based Classification

We evaluate two LLMs as direct classifiers: gpt-
0ss-20b and med-gemma-27b. Both are used in

an inference-only setting via an OpenAl-compatible
API endpoint served through vLLM.

We test three prompt variants: (1) transcript-only,
(2) linguistic-only (the 11 symbolic features ren-
dered as a numeric list), and (3) full-data (the tran-
script concatenated with the symbolic feature list).
Full prompt templates are provided in Appendix 1.

Models are instructed to output exactly one to-
ken: ConTRoL or PATIENT. Where supported by the
inference server, we enforce a guided-choice con-
straint restricting outputs to {CoNTROL, PATIENT}.
Temperature is set to 0 for deterministic decoding
unless otherwise stated.

4.4, Evaluation Protocols

All evaluations are conducted within-language. We
report per-language performance and aggregated
averages across languages. To ensure direct com-
parability between tabular models and LLMs across
all evaluation settings, both model families share
the same outer leave-one-out loop and the same
episodic sampling scheme for few-shot conditions.

4.41. Full-Data Evaluation (Leave-One-Out)

For each language L, we perform leave-one-out
cross-validation over all n;, samples. Each fold
holds out exactly one sample i for testing and uses
the remaining ny — 1 samples as the training pool.
For tabular models, preprocessing is fit on the train-
ing pool only and applied to both train and test. For
LLMs, no demonstrations are used in the zero-shot
condition. We refer to this setting as the full-data
evaluation. For each language, we also report a
majority-class predictor trained and evaluated un-
der the same LOO protocol.

4.4.2. Few-Shot Episodic Evaluation

To study few-shot behaviour under a unified and
directly comparable protocol, we apply the same
outer LOO loop and inner episodic sampling
scheme to tabular models.



Table 2: LOO Macro-F1 across all models and input
configurations. Classical ML, tabular foundation
models (TFMs), gradient boosting, and LLM zero-
shot baselines. Best per language in bold. | =
zero-shot (no training data).

Method Input English Slovene Korean
Non-learning baseline
Majority — 0.333 0.357 0.342
LLMs (zero-shot')
Full 0.361 0.518 0.595
MedGemma-27Bt Ling.  0.333  0.357 0.342
Trans. 0.413 0.492 0.579
Full 0.413 0.617 0.609
GPT-0SS-20Bf Ling. 0.500 0.555 0.349
Trans. 0.556 0.603 0.621
Tabular foundation models
Emb 0.343 0.852 0.523
Feat 0.814 0.454 0.740
TabPFN Early 0784 0.852  0.792
Late 0.816 0.727 0.753
Emb 0.493 0.802 0.566
Feat 0.746 0.682 0.692
RealMLP Early 0743 0701  0.737
Late 0.738 0.754 0.680
Gradient boosting
Emb 0.549 0.357 0.342
Feat 0.782 0.357 0.621
LGBM Early 0.763 0.357 0.621
Late 0.776 0.357 0.633
Classical ML
Emb 0.549 0.852 0.523
LR Feat 0.807 0.540 0.739
Early 0.801 0.735 0.792
Late 0.788 0.727 0.805
Emb 0.549 0.852 0.523
RF Feat 0.781 0.635 0.675
Early 0.665 0.852 0.714
Late 0.737 0.852 0.714
Emb 0.549 0.852 0.523
. Feat 0.813 0.540 0.727
SVM (linear) Early 0750 0.659 0.778
Late 0.769 0.814 0.789
Emb 0.549 0.852 0.523
Feat 0.806 0.442 0.714
SVM (RBF) Early 0.738 0.852 0.766
Late 0.807 0.852 0.712
Emb 0.333 0.357 0.523
Feat 0.712 0.508 0.726
FNN-3 Ealy 0654 0852 0.778
Late 0.698 0.250 0.476
Emb 0.325 0.308 0.523
Feat 0.750 0.463 0.674
FNN-5 Earfly 0.652 0.814 0.779
Late 0.582 0.583 0.476
Emb 0.410 0.852 0.523
Feat 0.762 0.365 0.673
FNN-7 Eafly 0.665 0.852 0.752
Late 0.543 0.735 0.500

For each held-out test sample i, we sample &
examples per class uniformly at random from the
remaining n, — 1 samples (the support set), using
only these 2k samples for training. We repeat this
sampling for E = 3 episodes with different random
seeds and aggregate predictions across episodes
by majority vote; for models producing calibrated
probabilities, we additionally average scores before
thresholding. We evaluate £ € {1,2,3,5}. For
tabular models, the 2k support samples are used
to fit the classifier (with preprocessing fit on the
same 2k samples). For late fusion, two classifiers
are fit on the 2k samples (one per modality) and
their probabilities are averaged.

4.4.3. Zero-Shot Evaluation for LLMs

For each language and prompt modality, we clas-
sify each sample independently with no labeled
demonstrations.

Evaluation For each language, model, and evalu-
ation mode we report Macro-F1. To estimate vari-
ability due to episodic sampling and any stochas-
ticity in model training, we repeat the full tabular
evaluation pipeline three times with different ran-
dom seeds. Results are aggregated by Language,
Model, Evaluation Mode and reported as mean.
LLM evaluations are deterministic at temperature 0
and are therefore reported as single-run results.

5. Results and Discussion

Leave-one-out (LOO) Macro-F1 results are re-
ported in Table 2. Few-shot results (embeddings-
only; k shots per class) are reported in Table 3. We
discuss the findings by research question.



Table 3: Few-shot Macro-F1 (embeddings-only, &
shots/class, 3 seeds) vs. LLM zero-shot reference.
Best overall per language in bold.

Method

LLM zero-shot reference (best across models & modalities)

k English Slovene Korean

BestLLMf 0 0.556 0.617 0.621
Tabular foundation models
1 0.439 0.846 0.538
2 0.442 0.815 0.504
TabPFN 3 0.436 0.852 0.560
5 0472 0.852 0.532
1 0.404 0.852 0.497
2 0.461 0.815 0.522
RealMLP 5 o448 0839 0.468
5 0.455 0.852 0.570
Classical ML
1 0.400 0.852 0.497
LR 2 0.431 0.852 0.568
3 0.444 0.852 0.552
5 0.449 0.852 0.667
1 0.382 0.852 0.497
RE 2 0462 0.852 0.568
3  0.458 0.852 0.552
5 0.482 0.852 0.452

RQ1: LLM zero-shot Cl detection. Zero-shot
LLM performance is generally limited relative to su-
pervised tabular models. The best zero-shot LLM
result is GPT-OSS-20B on Korean (0.621 Macro-
F1), which is +0.279 above the majority baseline
(0.342). On English and Slovene, LLM perfor-
mance varies substantially by prompt modality; for
example, MedGemma-27B collapses to majority-
class behaviour in the linguistic-only setting on En-
glish (0.333 Macro-F1). Despite being a medical-
domain model, MedGemma-27B underperforms
GPT-OSS-20B across all three languages, sug-
gesting general instruction-following behaviour and
robustness to prompt formatting may matter more
than domain specialisation in this setting.

RQ2: Modality sensitivity. No single input
modality consistently dominates across languages
and models. Transcript-only input works best for
English and Korean with GPT-OSS-20B, while full-
data prompts (transcript + features) do not reliably
outperform single-modality prompts. This suggests
that, in an inference-only setting, LLMs may strug-
gle to integrate heterogeneous numeric and textual
evidence as reliably as simpler tabular fusion ap-
proaches.

RQ3: Symbolic features + tabular models vs.
LLMs. Tabular models with symbolic features de-
cisively outperform zero-shot LLM baselines (+0.18
to +0.26 Macro-F1 across languages when com-
paring best results per language). The 11-feature
vector is highly informative: on English, TabPFN

achieves 0.814 with features alone, a +0.471 im-
provement over embeddings-only (0.343). Clas-
sical ML baselines remain competitive, with LR
achieving the best Korean result (0.805, late fu-
sion). Slovene is an exception where embeddings
dominate features (0.852 vs. 0.454 for TabPFN),
though potential confounds (different recording for-
mats and experimenters across groups) may inflate
embedding-based separability (Sections 3.1 and
8).

RQ4: Fusion strategies. Early fusion generally
performs best for Slovene and yields strong perfor-
mance for Korean, indicating that combining com-
plementary information sources can improve stabil-
ity across datasets. Features-only is strongest for
English, where the engineered linguistic signal is
particularly predictive and adding high-dimensional
embeddings can dilute that signal for some mod-
els. To better understand when fusion helps, we
analyse alignment between feature space and em-
bedding space (Table 4). English and Korean show
near-orthogonal representations (CKA 0.024 and
0.016; low Overlap@5), consistent with fusion pro-
viding complementary information. Slovene ex-
hibits higher alignment (CKA 0.181; Overlap@5
0.200), suggesting that in this dataset embeddings
may already encode much of the feature-level sig-
nal (or reflect dataset-specific confounds).

Few-shot vs. zero-shot LLMs. Even with min-
imal labels, tabular models can match or exceed
LLM zero-shot performance for some languages.
For Slovene, embedding-based few-shot models
exceed the best LLM from just k=1 example per
class (0.846—0.852 vs. 0.617). For Korean, LR
reaches 0.667 at k=5, exceeding the best LLM
(0.621). In English, the best LLM zero-shot re-
sult (0.556) remains higher than embedding-only
few-shot baselines, highlighting the importance of
incorporating symbolic features and/or stronger rep-
resentations for small-data supervision.

Table 4: Feature—embedding space alignment.
Low CKA and Spearman p indicate weak align-
ment between representations; Procrustes dispar-
ity (Williams et al., 2021) near 2.0 indicates ge-
ometric dissimilarity. Overlap@5 = shared NN

neighbours; Purity@5 = same-class neighbours.
Language CKA Spearman ), Procrustes Overlap@5 Purityses@5 Purityem,@5

English 0.024 0.001 1.758 0.032 0.658 0.501
Slovene 0.181 0.116 1.432 0.200 0.511 0.563
Korean 0.016 0.005 1.835 0.049 0.610 0.610

6. Conclusion

We evaluated Cl detection across three languages
(English, Slovene, and Korean) comparing LLM



zero-shot prompting, tabular foundation models,
and classical ML. LLMs provide usable no-training
baselines (best Macro-F1: 0.621), but supervised
tabular models—especially those using expert-
assisted symbolic features and fusion—achieve
substantially higher performance (+0.18 to +0.26
Macro-F1 over the best LLM per language). Across
datasets, lightweight classical models remain highly
competitive, with TabPFN reaching 0.816 on En-
glish (late fusion) and LR reaching 0.805 on Ko-
rean (late fusion). Alignment analysis indicates
that feature and embedding representations are
weakly aligned in English and Korean, providing
principled support for fusion; Slovene shows higher
alignment, consistent with embeddings dominat-
ing in that dataset. For practical deployment in
small-data Cl detection, tabular models operating
on transparent linguistic markers offer a strong and
interpretable alternative to inference-only LLM clas-
sification, while LLM prompting remains a useful
reference point when training data are unavailable.

7. Code Availability

The source code is publicly available at https:
//github.com/bkoloskl/foundational-c
i-detection.

8. Limitations

The Slovene dataset (n=27) exhibits potential con-
founds: different recording formats and experi-
menters for patient and control groups may inflate
embedding-based performance. Two symbolic fea-
tures (idea density and syntactic complexity) are
unavailable for Korean due to parser limitations,
and are therefore treated as missing and imputed;
this reduces the amount of available symbolic infor-
mation for that language. While the symbolic fea-
tures are individually interpretable, fusion with 768-
dimensional embeddings reduces transparency;
future work should investigate explanation meth-
ods (e.g., SHAP) for fusion models and assess
robustness across elicitation paradigms. The rel-
atively small dataset size, even if it is typical for
this field, restricts the strength and generalisability
of our conclusions. Moreover, interviewer speech
was not excluded from the speech-rate calculation
in the English and Slovene data, which may have
affected these measures. As a result, the reported
speech-rate values may not fully reflect participant
speech alone and should be interpreted with cau-
tion. A further limitation is that the study does not
examine potential sources of bias related to partici-
pant characteristics such as age, education, and
linguistic background, all of which may affect lin-
guistic performance and, in turn, influence clas-
sification outcomes. It also does not account for

differences in cognitive or brain reserve. Assess-
ing such demographic and individual differences is
essential before any clinical deployment. Finally,
two of the three datasets use picture description
tasks; generalisation to other elicitation paradigms
(spontaneous speech, narrative recall) remains to
be investigated.
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Appendix 1: Prompt templates

All LLM-based classifications use the same system
instruction and output constraint, differing only in
the data fields provided to the model. The system
prompt and output format are shared across all
three variants:

You are a binary classifier for a research dataset
(non-diagnostic). Use only the provided transcript
and/or linguistic metrics. Inputs may be English,
Slovene, or Korean; treat multilingualism, accent,
dialect, and topical content as neutral. Ignore demo-
graphic/identity attributes and stereotypes. Assume
no class base-rate. Do not reveal reasoning.

Output: Exactly one word — Control or Pa-
tient.

The three prompt variants differ in which data fields
are included in the query block:

11

[DATA INPUT FOR ID: {id} Language:
{language}]

[TRANSCRIPT]

{transcript_patient}

[INSTRUCTIONS]

Classify strictly as “Control” or “Patient” using only
evidence present in the provided fields. Output
exactly one word.

[OUTPUT FORMAT]
Return exactly one word: Control or Patient.

[DATA INPUT FOR ID: {id} Language:
{language}]

[LINGUISTIC METRICS]

- Speech Rate: {value}
- Ttr: {value}
- Noun Ratio: {value}
- Verb Ratio: {value}
- Pronoun Ratio: {value}
- Pronoun To Noun Ratio:  {value}
- Mean Frequency: {value}
- Coherence: {value}
- Repetitiveness: {value}
- Idea Density: {value}
- Syntactic Complexity: {value}
[INSTRUCTIONS]

Classify strictly as “Control” or “Patient” using only
evidence present in the provided fields. Output
exactly one word.

[OUTPUT FORMAT]
Return exactly one word: Control or Patient.



[DATA INPUT FOR ID: {id} Language:
{language}]

[TRANSCRIPT]
{transcript_patient}

[LINGUISTIC METRICS]

- Speech Rate: {value}
- Tir: {value}
- Noun Ratio: {value}
- Verb Ratio: {value}
- Pronoun Ratio: {value}
- Pronoun To Noun Ratio:  {value}
- Mean Frequency: {value}
- Coherence: {value}
- Repetitiveness: {value}
- [dea Density: {value}
- Syntactic Complexity: {value}
[INSTRUCTIONS]

Classify strictly as “Control” or “Patient” using only
evidence present in the provided fields. Output
exactly one word.

[OUTPUT FORMAT]
Return exactly one word: Control or Patient.

For few-shot variants, a [EXAMPLES (la-
beled) ] block is prepended before the query,
containing 2k demonstration cases (one per
support sample), each formatted identically to
the query block above and annotated with their
ground-truth label (Label: Control or Label:
Patient).
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Abstract

Recent work on clinical applications of language technology shows considerable potential for people with speech and
language symptoms and disorders, including for the diagnosis and monitoring of diseases and disorders as well
as the development of novel communication aids. This has resulted in a variety of digital health tools becoming
accessible, including personalized automatic speech recognition for disordered speech and the monitoring of disease
progression in neurodegeneration through language samples. Currently, these tools are almost exclusively accessible
to speakers of high-resource languages. A major hurdle for small, lower-resourced language communities in this
context is the creation of clinical language corpora. We describe ongoing efforts to build the necessary infrastructure
for clinical speech and language data collection in Iceland through the Icelandic Language Biobank, a resource that
leverages collaboration with clinicians and robust linguistically-informed data collection against data scarcity.

Keywords: clinical language corpora, speech and language disorders, Icelandic

1. Introduction

Advances in language technology over the last
decade have led to a significant body of research
exploring clinical applications of automatic speech
and language analysis. In the context of speech
and language symptoms and disorders, two main
types of applications rely on clinical corpora.

The first is diagnosis and monitoring, primarily
in the context of neurodegenerative diseases such
as Alzheimer’s, Frontotemporal Dementia, Parkin-
son’s and ALS (e.g., Cho et al., 2024, Shellikeri
et al., 2024, Cao et al., 2025), where language
sample analysis (based on e.g. picture descrip-
tions) might yield cost-effective, person-centered
and non-invasive endpoints for early screening and
treatment efficacy assessments, including in drug
trials (Robin et al., 2023). Automatic language sam-
ple analysis additionally has a long tradition in the
context of developmental language disorders and
is particularly valuable for the evaluation of bi- and
multilingual children (Ortiz et al., 2024), despite
challenges in successful technological transfer to
clinicians (Klatte et al., 2022, Liu et al., 2023).

Although we focus on conditions which affect
speech and language in the current paper, it is im-
portant to note that automatic speech and language
analysis has also shown potential for diagnosis and
monitoring in other clinical contexts (e.g. Malgaroli
et al., 2023, Lombardo et al., 2025)

The second application consists of new tech-
nology for alternative and augmentative commu-
nication (AAC) aids, such as personalized voice
synthesis and speech recognition for disordered
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speech (e.g. MacDonald et al., 2021, Hasegawa-
Johnson et al., 2024, Hyppa-Martin et al., 2024). In
both diagnosis/monitoring and AAC applications, a
range of digital health tools have become available
to users, but only for English or a few other high-
resource languages. Garcia et al. (2023) point to
the ubiquity of English in the field of speech and
language markers of neurodegeneration and call
for linguistically diverse research, as well as eg-
uitable access to novel clinical instruments. It is
fairly straightforward to extend this call to action to
the field of communication aids based on language
technology.

The current paper describes our attempt to an-
swer the call for Icelandic, a low-to-medium re-
source language (Dadason and Loftsson, 2024)
in a small language community of approximately
400,000 speakers. This is done through the cre-
ation of the Icelandic Language Biobank (ILB). In
contrast with the most comprehensive data col-
lection efforts in high-resource languages (e.g.
Hasegawa-Johnson et al., 2024, Kourtis, 2025),
the ILB will contain language samples for both AAC
and diagnosis/monitoring in order to maximize data
exploitation. While this increases the data manage-
ment challenges, we argue that it is a necessary
counterweight to the data scarcity facing the Ice-
landic language community, which is exacerbated
in a clinical context.

Data will primarily be collected through a web-
based semi-automatic linguistic analysis platform,
ALDA (Automatic Linguistic Data Analysis), de-
signed for and co-created with speech-language
pathologists/therapists (SLPs). The purpose of this
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collaborative process is to ensure successful tech-
nological transfer to the clinical context, making
the use of our speech and language processing
pipeline accessible to clinicians through a user-
interface which is tailored to their clinical practice.
SLPs are experts in the clinical analysis of speech
and language and can therefore benefit greatly from
the augmentation of their perceptive and/or manual
analysis of language samples through the means
of language technology (Klatte et al., 2022, Lian
et al., 2025). Similarly, their expertise entails the
possibility of direct manual corrections in a clinical
context, enhancing analysis quality (hence, the plat-
form is semi-automatic). Creating a platform which
combines accessible clinician-centered tools and
a data sharing infrastructure could therefore create
incentives for durable and sustainable clinician-led
data collection, another possible counterweight to
data scarcity.

In the current paper, we present the process of
building the ILB and SLP-oriented platform, discuss
challenges and argue for the crucial role of linguistic
knowledge in the endeavor of promoting equitable
access to healthcare solutions based on language
technology, particularly in the context of language-
specific manifestations of disorders and diseases.

Finally, we draw on insights based on corpus
linguistics (e.g. Gries, 2010, Wolfer and Koplenig,
2025) and argue that the lack of knowledge on clin-
ically relevant linguistic features for low-to-medium
resource languages such as Icelandic can in part
be compensated for with the collection of larger
and more varied language samples, contra the cur-
rent trend of decreasing sample length in clinical
settings to 1-5 minutes (Petti et al., 2023). Recent
ideas about leveraging data from wearables and
mobile devices (Kourtis et al., 2019), as has in part
been done in the context of language acquisition re-
search (Blom et al., 2023), might therefore be con-
sidered particularly beneficial for lower-resource
languages. This includes the latest developments
of analyzing typing behavior, or "smartphone key-
board input patterns to detect early signs of cogni-
tive impairment” (Samsung Newsroom, 2025).

2. Related work
2.1. State of the art in high-resource
contexts

Clinical speech and language corpora, particularly
in the context of communication disorders, are not
only lacking in less-resourced languages. Even
for English, considerable efforts and resources are
currently being dedicated to clinical speech and
language data collection. We describe two such
initiatives below, the Speech Accessibility Project
and SpeechDx, as well as the web-based appli-
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cation TELL, which extracts speech and language
markers of neurodegeneration and is designed both
for clinicians and researchers. We consider these
three examples as the current state of the art for clin-
ical speech corpora infrastructure in high-resource
languages and use them as a references for the
Icelandic Language Biobank and our web-based
SLP-oriented analysis platform.

The Speech Accessibility Project (Hasegawa-
Johnson et al., 2024) is a research initiative funded
by Amazon, Apple, Google, Meta, Microsoft and
nonprofit organizations. Its aim is to improve
automatic speech recognition for non-standard
(English) speech by collecting more diverse data
through crowdsourcing. Currently, the Speech Ac-
cessibility Project collects speech data from paid
volunteers (from the U.S., Canada and Puerto Rico)
with a variety of speech patterns or disorders and
compiles them into an anonymized dataset. Partici-
pants can join the project through the web page. As
of February 2026, the project had collected at least
1500 hours of recorded speech from more than
1000 participants, including people with Parkin-
son’s disease, Down syndrome, Cerebral Palsy,
amyotrophic lateral sclerosis (ALS), and people
who have had a stroke. The data contains sen-
tences read out loud that correspond to computer
commands, sentences read out loud from (some-
times simplified) novels, and spontaneous speech
comprising answers to questions about culture or
daily life. Companies and researchers can request
access to the corpora created in this project. In ad-
dition to the audio files, transcripts, original speech
prompts and a subset of the corpora annotated by
SLPs are also available. The initiative builds on the
experience from Google’s Project Euphonia (Mac-
Donald et al., 2021, Tobin and Tomanek, 2022)
which laid the groundwork for Project Relate, an
Android app with personalized speech recognition
for non-standard speech, offering both transcription
and resynthesis to aid communication. Importantly,
deriving speech markers of diseases and disorders
is not one of the aims of the Speech Accessibility
Project.

Speech-based biomarkers are on the other hand
the main focus of SpeechDx (Kourtis, 2025), a
project in which the goal is to create a longitudinal
dataset (spanning three years) for the diagnosis of
Alzheimer’s disease and related dementias through
speech samples. The goal is to cover English,
Spanish and Catalan and to link comprehensive
clinical information to the participants’ speech data.
The dataset includes samples obtained through
different elicitation tasks, such as picture descrip-
tions, open-ended questions, story recall and story-
telling. The data will be hosted by the Alzheimer’s
Disease Data Initiative and will be made available
to researchers approved by a committee in a pro-



tected, controlled environment.

The TELL application (Garcia et al., 2024b) pro-
vides "robust speech biomarkers for clinical and
research purpose" and has mostly been deployed
in the context of neurodegeneration. The first
deployment was available for English, Spanish,
French and Portuguese. Although its latest ver-
sion also enables data collection for German, Ital-
ian, Quechua, Kiswahili and Tagalog (Garcia et al.,
2024a), language-specific features (such as POS
tags, semantic granularity etc.) are only (automati-
cally) extracted for the higher-resource languages.
The platform is designed to be used by clinicians
as well as researchers, but SLPs are not the main
target group. This is comparable to Open Brain
Al (Themistocleous, 2024), a relatively new com-
putational platform which currently provides tools
for automatic language sample analysis in 15 lan-
guages and is also designed for both clinicians and
researchers.

To the best of our knowledge, no comprehensive
automatic speech and language analysis platform
is designed for the needs of SLPs both in the fields
of developmental and acquired communication dis-
orders. One of the key challenges is the technical
skills needed to implement available tools in clini-
cal practice. For instance, the Batchalign pipeline
was developed for the automatic transcription and
analysis of clinical samples in the CHAT (Codes
for the Human Analysis of Talk) format using the
software program CLAN (Computerized Language
Analysis, Liu et al., 2023). One of the main goals
of Batchalign was to reduce the time needed to
transcribe raw audio files by enabling clinicians to
generate an automatic transcription, which only had
to be manually corrected. However, another study
found that SLPs did not experience a reduction
in the time needed to perform language sample
analysis despite receiving tailored training (Klatte
et al., 2022). In fact, the participants reported a
lack of knowledge and skills as a barrier to using
tools such as Batchalign. These results highlight
the need for user-friendly software and the incorpo-
ration of SLPs in the tool design process. Addition-
ally, we believe a crucial component, particularly
for lower-resource languages with fewer tools and
higher error rates, is to enable clinicians such as
SLPs to correct the automatic analysis.

2.2. The Icelandic landscape

Not unexpectedly, Icelandic implementations within
state-of-the-art tools and datasets for digital health
are limited. For example, there are no direct
analogs to the aforementioned TELL, Open Brain
Al and CHAT in Iceland. This is in part due to
the lack of datasets, research and development
in the domain of clinical language technology for
Icelandic.
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As is the case in many small(er) language com-
munities, collecting clinical linguistic data for Ice-
landic presents a number of challenges. This is not
only due to the limited number of speakers, but also
to the lack of infrastructure to safely collect, store,
and share language samples, as well as the lack of
focused research on clinical populations speaking
those languages. In this sense, there is a real risk
that Icelandic will fall further behind with regards
to the development and accessibility of automatic
speech and language analysis tools and datasets
for digital health.

As briefly mentioned, an inherent difficulty for
small language communities like Icelandic is the
overall low number of individuals diagnosed with
the targeted diseases and disorders. For example,
there are approximately 20-30 people with ALS in
Iceland at any given time (MND Iceland). These
individuals face the same difficulties as people with
ALS in larger communities, but the development
of novel, language-specific solutions is limited by
the fact that data collection can only be obtained
through a very low number of individuals. We be-
lieve this entails that any novel data for Icelandic
needs to be utilized to the fullest.

Fortunately, there are already projects that have
gathered Icelandic language samples for uses in
clinical language technology development. Specif-
ically, these projects gathered language samples
from people with Mild Cognitive Impairment and
mild dementia due to Alzheimer’s disease (Curcic
et al., 2022, Callegari et al., 2023 and Nowenstein
et al., 2024). However, there are no accessible
corpora with language samples from other clinical
groups where automatic language sample analysis
has proven useful, e.g., people with Parkinson’s,
ALS, Frontotemporal Dementia and aphasia and/or
motor speech disorders following a stroke, as well
as language samples from children with develop-
mental language disorders.

The first results derived from the two Alzheimer’s
disease datasets described above highlight the im-
portance of taking into account the characteristics
of individual languages when generalizing previous
results and extending the use of clinical language
technology to new contexts. For example, Calle-
gari et al. (2024) show that the frequency of various
features will vary greatly across discourse contexts
in different types of language samples, both within
features commonly extracted in previous research
(e.g. verb rate) and features more specific to the
Icelandic language (e.g. subjunctive rate).

Another recent project comparing speech and
language markers of neurodegeneration across
English, Korean and Icelandic found that language-
specific features, such as the use of case mark-
ing in Icelandic, can differentiate between clinical
groups and healthy controls (Nowenstein et al.,



2025). Similar results have been found in the
field of Developmental Language Disorders (DLD),
where research on Icelandic indicates that the influ-
ential view (Leonard, 2014) of morphological errors
as a hallmark of DLD does not necessarily hold
for languages with richer morphological systems
(Thordardottir, 2016).

3. Building the Icelandic Language
Biobank

The Icelandic Language Biobank (ILB) is a three
year initiative funded by The Strategic Research
and Development Programme for Language Tech-
nology within the Icelandic Research Fund. lts
preparation was also funded by the Language Tech-
nology Programme for Icelandic. The ILB is an
attempt to answer the call for increased linguistic
diversity in clinical language technology (Garcia
et al., 2023) and could serve as a proof of concept
for other small language communities.

Our goal is to collect clinical language samples
from speakers of Icelandic (children and adults,
mono- and multilingual) in order to improve access
to healthcare solutions based on language tech-
nology. We focus on the manifestations of devel-
opmental language disorders and neurodegenera-
tion in Icelandic and build the infrastructure for the
collection and preservation of clinical speech and
language corpora for Icelandic in a broad sense. A
further goal of the ILB infrastructure is to allow for
the collection, annotation, and analysis of samples
in other languages.

We collaborate with the leadership of the Speech
Accessibility project (Hasegawa-Johnson et al.,
2024) and the DELAD initiative within CLARIN. DE-
LAD facilitates the sharing of corpora of speech of
individuals with communication disorders among
researchers in a GDPR compliant way and at se-
cure repositories in the CLARIN infrastructure (Lee
et al,, 2024).

The design of the ILB is motivated by the small
size and lack of resources of the Icelandic language
community. We try to combine the approaches of
initiatives such as the Speech Accessibility Project,
SpeechDx and TELL into one centralized solution
to maximize data exploitation. This means that the
same speaker can provide data for improved com-
munication aids (e.g. ASR for disordered speech)
and diagnosis/monitoring (e.g. digital biomarkers
of neurodegenration) through a clinician (SLP) who
has access to automatic speech and language data
analysis with our data collection and analysis plat-
form. Additionally, SLPs’ expertise in speech and
language means they are particularly powerful col-
laborators, including in the context of transcription
and annotation correction.

One of the key motivations behind the ILB is the
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current lack of knowledge when it comes to the
direct clinical application of language technology,
particularly when it comes to the interpretability of
the information retrieved through automatic speech
and language analysis. Even though automatic
analysis tools may reduce the workload of SLPs
(Liu et al., 2023), it is not always clear how SLPs
can interpret these new measures within evidence-
based practice (Lindsay et al., 2021, Yeung et al.,
2021).

Another area where knowledge is lacking is the
transfer of research findings from English to other
languages, as it is known that the manifestations
of language disorders depend to some extent on
the specific characteristics of different languages.
For instance, research has found that there is
an increase in the rate of pronouns in English in
Alzheimer’s disease (see Petti et al., 2020, Robin
etal., 2021 and Cho et al., 2022), while the reverse
pattern was found for pro-drop languages such as
Bengali (Bose et al., 2021). An overemphasis on
English can therefore produce a biased view of
what characterizes language symptoms and disor-
ders in general (Thordardottir, 2016, Garcia et al.,
2023), which underlines the need for typologically
diverse clinical linguistic data and the necessary
infrastructure to collect it. This is relevant, among
other things, for improved diagnosis of developmen-
tal disorders in multilingual children.

3.1.

Data management is one of the key challenges
when building infrastructure for the collection and
preservation of clinical speech and language data.
The ILB will draw from the various data collection
initiatives described in section 2.1, complying with
e.g. the GDPR and taking into consideration other
developments at the EU level, such as the Al and
Data Acts as well as the European Health Data
Space Regulation. The project also needs to com-
ply with Icelandic legislature on biobanks and clin-
ical datasets and request approval from The Na-
tional Bioethics Committee of Iceland. The project
is hosted at the University of Iceland and has ben-
efitted from consultations with the university’s IT
departments as well as legal counsel specialized
in personal data protection.

As is detailed in Garcia et al. 2024a, the TELL
application is deployed on Amazon Web Services
(AWS) with data handling through Amazon’s RDS
PostgreSQL database, audio files stored in AWS
S3 and patient health information encrypted on
AWS Key Management Service. Our current data
management plan is similar in structure but is cur-
rently hosted completely locally at the University of
Iceland given Icelandic legislature which dictates
that clinical data should in general be exclusively
processed and stored domestically. This will poten-
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Figure 1: Icelandic Language Biobank consent and data sharing infrastructure.

tially cause scalability challenges with increased
data collection efforts, a complication we are cur-
rently addressing.

When data has been collected through the web
platform, we transfer it to a Nextcloud server hosted
within the IREI cluster at the University of Iceland
through encrypted data transfer. At the University
of Iceland, the data is reviewed and personally iden-
tifying information (PIl) is manually removed. Par-
ticipants’ identification numbers are stored sepa-
rately from the deidentified, pseudonymized data
and not shared unless a new approval by The Na-
tional Bioethics Committee has been granted. As
shown in Figure 1, the ILB will adopt a layered
approach with opt-in (and opt-out) informed partic-
ipant consent for the deidentified data, meaning
that the project will share data in a variety of forms.

This means that participants can opt into and
out of different levels of data sharing for different
groups, allowing for example developers to have
controlled access to simplified or no clinical infor-
mation through a data use agreement while re-
searchers can access more extensive clinical in-
formation, also under a data use agreement. Fur-
thermore, participants will have control over what
information from their sample is shared, ranging
from audio recordings to feature values only. This
entails providing participants with comprehensive
information, for example regarding their voice po-
tentially being identifiable to their acquaintances.

Since the ILB aims to collect data from a num-
ber of vulnerable groups and/or protected entities,
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precautions are in order to ensure that the consent
can truly be considered informed. In some cases,
this will be in the form of parental or guardian in-
formed consent as well as participant assent with a
simplified information form. To ensure appropriate
informed consent, the ILB builds on the DELAD
resources presented in Lee et al. (2024) as well
as the PEEC (Protected Entities Ethics Checklist)
for collecting speech data from vulnerable clinical
populations (Choi et al., forthcoming). For instance,
according to the PEEC framework, children’s con-
sent should be tailored to their developmental stage.
Children above 7 may provide written assent, while
the affirmative willingness of younger participants
may be provided after a simplified, verbal explana-
tion (Choi et al., forthcoming). At any given point,
participants may withdraw their consent and de-
mand the deletion of their data.

Data sharing will be handled under restricted
licenses within the DELAD-initiative through
CLARIN, as DELAD is linked to CLARIN’s Knowl-
edge Centre for Atypical Communication Exper-
tise (ACE) for making corpora of speech of indi-
viduals with communication disorders (CSD) avail-
able through The Language Archive (TLA) at the
Max Planck Institute in Nijmegen (a CLARIN Data
Centre) and CMU'’s Talkbank (Clinical Banks). We
therefore provide an infrastructure which makes it
possible to ensure the data of the ILB will be as
accessible as possible while guaranteeing partici-
pants’ data privacy according to their wishes.



3.2. ALDA: web-based semi-automatic
linguistic analysis platform

A key driver of sustainable and longitudinal collec-
tion of clinical data within the ILB is collaboration
with SLPs and other clinicians. For such collab-
oration to be gainful for all parties, we strive to
provide utility to the clinicians in exchange for their
contribution to data collection. Therefore, the de-
velopment team for the ALDA platform includes two
SLPs, one working with pediatric populations and
the other specializing in neurodegeneration.

ALDA (Automatic Linguistic Data Analysis) is a
web-based semi-automatic linguistic analysis plat-
form that allows clinicians specialized in speech
and language disorders to perform Language
Technology-aided analysis of clinical language sam-
ples through a user-friendly interface. The platform
also allows the clinicians to manage their clients’
language samples in a centralized storage space
and track indicators of diseases and disorders over
time. The platform is currently being developed
with funding from the Language Technology Pro-
gramme for Icelandic.

As illustrated in Figure 2, the SLP records a
speech sample using ALDA, for example a pic-
ture description or story recall, or uploads a pre-
vious recording. The sample is then transcribed
and diarized using automatic speech recognition
and corrected manually as necessary. This step
of language sample analysis has so far been per-
formed fully manually by Icelandic SLPs. ALDA
also supports tasks for children and adults with
feature bundles for different types of speech and
language disorders.

ALDA utilizes various speech and language pro-
cessing tools to perform automated analyses of
the speech sample, e.g. for ASR and speaker di-
arization, POS-tagging and parsing. The current
version of the platform integrates WhisperX (Bain
etal., 2023) for VAD (Voice Activity Detection), ASR,
forced alignment and speaker diarization. For op-
timal results, versions of Whisper and Wav2Vec2
which have been fine-tuned on Icelandic speech
corpora are used (Radford et al., 2023, Baevski
et al., 2020, Mena et al., 2024). A PoS tagger
using a fine-grained morphological tagset (Jons-
son et al., 2021) is used to extract morphosyntac-
tic information from the transcribed speech. We
stress that the pipeline is under development and
needs further testing in terms of e.g. preprocess-
ing steps with diverse data sources as well as error
rates for children’s voices and disordered speech.
Our text processing pipeline will also keep evolving.
Although preliminary findings suggest acceptable
POS-tagging accuracy in clinical conversational
language samples, a lot of challenges remain for
syntactic parsing (not unexpectedly, see Agmon
etal., 2026 for English). Finally, the current pipeline
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only supports the analysis of Icelandic language
samples.

After data collection, recordings and analysis re-
sults can then be saved in the SLPs’ secure storage
space within the platform. ALDA also has a built-
in data collection functionality that enables SLPs
using the platform to invite clients to receive in-
formation about the ILB project. When a client is
interested in participating and informed consent
has been obtained through an electronic signature
on the web page connected to the Icelandic Lan-
guage Biobank, the existing participant’s language
samples can be transferred to the ILB. This data
collection sets the ILB apart methodologically, as
the data collection tool itself is an aid in the current
workflow of SLPs who already record language
samples within their clinical practice. With ALDA,
SLPs have a tool for immediate use in practice, not
only after the data have been processed for further
research and technology transfer.

In order to involve further SLPs into the devel-
opment process, two focus groups with Icelandic
SLPs have been conducted, confirming the group’s
interest in using language technology to facilitate
language sample analysis. The participants also
expressed enthusiasm for the use of language tech-
nology for communication aids and were positive
towards collaboration with researchers, but empha-
sized the importance of receiving detailed instruc-
tions and a clear and accessible protocol. Interest-
ingly, SLPs did not show enthusiasm for language
sample analysis in languages they do not speak
and cited the importance of being able to verify the
analysis to interpret the results.

In addition to the focus groups, 35 practicing
SLPs participated in a survey we conducted about
language sample analysis. 91.4% of the partici-
pants considered language samples as a useful
tool, the rest considered it useful in certain cases.
Additionally, 91% of our participants said they would
use language samples more frequently if process-
ing them took less time and they had access to
better tools for it. Currently, user testing for the plat-
form is ongoing. Until the end of 2026, we aim to
identify existing barriers, technical difficulties and
SLPs’ concerns in order to iteratively improve the
platform before starting data collection. Although
the current pipeline only supports Icelandic, the
platform can of course be used to record and store
samples in other languages.

3.3. Data collection within the ILB

In the second year of the Icelandic Language
Biobank project (January 2027), its infrastructure
will be ready and an initial data collection and analy-
sis phase will begin. Within the project, data collec-
tion will be conducted through clinician-led partici-
pant recruitment as well as crowdsourcing efforts.
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Figure 2: High-level diagram of the flow of language samples through the analysis pipeline. Features are
extracted from both the diarized, text-aligned recording and the text transcript.

Both the target dataset size and characteristics of
participants will be established during the first three
months of data collection based on funding avail-
ability and clinician adoption of the web platform,
but the primary goal of the project is to build the
necessary infrastructure for continuous data collec-
tion.

The crowdsourcing will target clinical groups (as
has been done in the Speech Accessibility Project)
but mainly people without communication disorders.
This is because having robust control group data
is a crucial step for the use of automatic speech
and language analysis in a clinical setting, where
situating individual patients within well-established
norms is an important component of diagnosis. In-
deed, 88% of participants in the aforementioned
SLP survey said they would use language samples
more if they had better norms as a comparison.

The clinician-led recruitment of participants from
clinical groups will be based on the use of the ALDA
platform, with the ILB project providing training for
SLPs in the form of in-person courses and online
instructional content. The first phase of data collec-
tion within the ILB project will be centered around
developmental language disorders in mono- and
multilingual children as well as speech and lan-
guage disorders in neurodegeneration, using clas-
sic language sampling methods such as picture
descriptions and story recall.

Although the initial data collection is focused on
clinician-led recruitment and crowdsourcing, the
goal of the ILB project still is to establish a durable
infrastructure for any type of clinical speech and lan-
guage data, including new types of language sam-
ples collected through e.g. wearables and mobile
devices. Considering common knowledge about
the positive effects of increasing corpus size to ob-
tain more representative samples of language use
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(e.g. Gries, 2010), we believe that efforts should be
made to increase clinical language sample length
without increasing clinician burden. Currently, the
direction in the literature is to decrease sample
length (Petti et al., 2023), but larger clinical lan-
guage samples from individuals might be an impor-
tant way of countering the data scarcity inherent to
smaller language communities. We also believe
there might be benefits to expanding clinical lan-
guage sampling to analyses of participants’ written
language output and the ILB will therefore also
accommodate the storage of written language sam-
ples. Scaling from relatively homogeneous, short
spoken language samples to more diverse and ex-
tensive types of data will present problems we have
not solved yet but aim to address, both in terms of
storing and processing/analyzing the data. Nev-
ertheless, we believe academic research in small
language communities should strive to accommo-
date as much data diversity as possible.

4. Conclusion

Recent applications of language technology show
that children and adults with communication dis-
orders and the clinicians who treat them stand to
benefit considerably from successful technologi-
cal transfer of speech and language processing
tools. A necessary step in that process is the col-
lection of speech and language samples from peo-
ple with communication disorders. In the context
of less-resourced languages, particularly in small
language communities where data scarcity will be
problematic, we suggest building data infrastruc-
ture which will make it possible to collect data both
for (1) diagnosis/monitoring of diseases and disor-
ders (including clinical information about the partici-
pants) and (2) communication aids, including better



speech recognition for disordered speech.

We presented our approach for this kind of infras-
tructure in Iceland through the creation of the Ice-
landic Language Biobank, a project which also in-
cludes comprehensive collaboration with clinicians
by providing them with tools for data analysis on
a platform which additionally serves as a data col-
lection point. We believe that this combination of
a comprehensive one-stop approach to corpora
of speech of individuals with communication dis-
orders and bilateral collaboration with clinicians
will provide some of the necessary counterweight
to data scarcity in small less-resourced language
communities.

Another way to approach the problem is through
longer clinical language samples, possibly lever-
aging wearables and mobile devices and going
beyond speech samples to include individuals’ writ-
ten outputs as well. For this kind of research on
large clinical language samples, it is even more
important to build data infrastructure where data
security and personal privacy are guaranteed.
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particularly in vulnerable clinical populations, to en-
sure their perspectives and interests are embedded
into the project they contribute to.
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Abstract

Automatic Speech Recognition (ASR) offers a scalable and cost-efficient alternative to manual transcription and is
becoming increasingly relevant in clinical contexts, particularly for the detection of cognitive decline and mental health
assessment. However, current ASR-systems still struggle with spontaneous speech, particularly when processing
disfluencies, pauses, and speaker variability that often carry diagnostic value. This study evaluates state-of-the-art
open ASR models targeting Swedish using recordings from the “Trip to Stockholm” discourse narrative task which
elicits ecologically valid, cognitively demanding speech. Recognition quality is assessed using various metrics,
alongside an analysis of linguistic and technical sources of error focused on disfluencies. Our findings show that
disfluency-related phenomena degrade recognition performance. Possible post-processing strategies can improve
specific error patterns emerging for filled pauses, word repetitions, and self-corrections. The results illustrate both
the advances and ongoing limitations of ASR for spontaneous Swedish speech, emphasizing the need for models
explicitly trained, or fine-tuned, on disfluent data to ensure robustness in clinical and research applications.

Keywords: Whisper, KB-Whisper, speech-to-text, disfluencies, discourse task, cognitive impairment, Swedish

1. Introduction tors and technical constraints underlying transcrip-
tion errors and systematically analyze common er-

Automatic Speech Recognition (ASR) is a scalable ~ Or patterns in spontaneous speech across differ-
and cost-efficient technology that addresses the €Nt hyperparameter settings. Since performance
increasing volume of digital content and the corre- ~ Metrics quantify the deviation of a transcript from
sponding demand for accessible communication. @ reference, a central aim of this study is to also
ASR offers several advantages, including low de-  discuss ways to improve transcription output.
ployment costs, minimal logistical and availability We apply_ the perfc_)rmance metrics to a realistic
constraints, and the ability to operate continuously ~ dataset by first applying state-of-the-art open ASR
without interruption, making it particularly attractive ~ Models and assessing their ability to handle diverse
for clinical applications such as mental health as- linguistic structures and speech variability across
sessment and the detection of cognitive decline. ~ Varying speaker groups. Recordings from the "Trip
An important advantage of ASR s its potential {0 Stockholm" task were used as input for evaluat-
to mitigate the cost and time demands of man- N9 ASR models. This is a spoken discourse task
ual transcription while reducing transcription errors ~ Which was modeled after the "Trip to New York" task
and forms of human-induced bias, such as sub-  described in Harris et al. (2008). The spontaneous
jective interpretation and inconsistencies across ~ and variable nature of these speech samples pro-
transcribers. Given the privacy and recording con- ~ Vides a valuable benchmark for evaluating ASR
straints frequently encountered in clinical settings, ~ Performance in ecologically valid, cognitively de-
ASR provides a scalable means of capturing spo- ~Manding, Swedish discourse settings.

ken responses for subsequent analysis.

However, ASR errors—particularly failures to ac- 2. Background and Related Work

curately capture disfluencies and pauses that are

central to cognitive assessment—constitute a per-  Speech disfluencies — such as repetitions, self-
sistent and consequential limitation, potentially ob-  corrections, filled pauses and other interruptions in
scuring dementia-specific speech markers (cf. Li  the flow of speech — are a natural feature of spon-
et al., 2024). In this study, we evaluate the perfor-  taneous language and have been widely studied
mance of automatic speech recognition systemson  for their informational value. Additionally, disflu-
Swedish speech data, with a specific focus on dis-  encies are well-established indicators of cognitive
fluencies—excluding pauses—by assessing recog-  and mental health status and have been widely as-
nition outcomes using Word Error Rate (WER) and  sociated with neurodegenerative conditions such
complementary metrics. We examine linguistic fac-  as dementia, particularly Alzheimer’s disease (AD).
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Such non-fluent speech patterns have been shown
to increase with disruptions in language planning,
executive functioning, and cognitive load (Jiang
and An, 2025; Clark and Fox Tree, 2002), highlight-
ing how such phenomena relate to cognitive and
lexical-semantic impairment in AD (Pistono et al.,
2024).

State-of-the-art ASR systems do not adequately
capture and label word- and phrase-level disfluen-
cies (Shahla et al., 2022; Cumbal et al., 2024). In
addition, in a diachronic context, age correlates
with changes in speech rate and lexical complex-
ity, which, in turn, contribute to increased produc-
tion of disfluency over time, establishing disflu-
ency as a robust marker of age-related linguis-
tic change (Beier et al., 2023). As Nasreen et al.
(2021) demonstrated, disfluency features in conver-
sational speech serve as noninvasive biomarkers of
moderate-stage Alzheimer’s disease, revealing sig-
nificant differences between AD and age-matched
non-AD participants. Modern ASR systems often
treat disfluencies as noise and remove them during
post-processing,! obscuring potentially meaningful
details in the transcript (Dinkar, 2022).

During the last couple of years, there have been
notable advances in automatic speech recognition
for Scandinavian languages, for example Norwe-
gian,? and, more importantly for our study, ASR
models trained on Swedish data are now readily
available (Vesterbacka et al., 2025; Li et al., 2025)
— see Section 3.4.

However, such models continue to exhibit sub-
stantial performance gaps across a range of neu-
ropsychological assessment settings, largely be-
cause they are not trained on acoustically challeng-
ing recording conditions, nor on stylistic variabil-
ity in naturalistic speech production, or speaker
characteristics commonly encountered in mental
health contexts and early cognitive decline or di-
alects. Kokkinakis et al. (2025) reported a much
higher WER (0.265) on a picture description task
(“Cookie Theft”) and a substantially lower WER
(0.033) on a reading-aloud task, which imposes
fewer demands on spontaneous speech produc-
tion. Such results indicate that ASR systems can
achieve near-human transcription accuracy on con-
trolled reading tasks, while more spontaneous, cog-
nitively demanding speech—such as narrative or
descriptive tasks—often result in higher error rates
and reduced reliability for downstream analyses.

'Short words may be omitted for a variety of rea-
sons, including insufficient or noisy acoustic evidence,
the merging or normalization of tokens during transcrip-
tion, and the tendency of language models to favor para-
phrased outputs that exclude short function words when
these result in more probable overall sequences.

2Available from: https://huggingface.co/NbA
iLab/nb-whisper-small-beta
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3. Participants, Dataset, Format and
Technical Details

Originally, the subset of the participants used in the
current study were recruited from the Gothenburg
MCI study, a longitudinal study investigating de-
mentia disorders in patients seeking medical care
at a memory clinic (Wallin et al., 2016). The data
analyzed here consist of recordings of spontaneous
speech collected as part of the separate research
project "Linguistic and extra-linguistic parameters
for early detection of cognitive impairment" (Riks-
bankens Jubileumsfond, NHS 14-1761:1 - 2016-
2020).

The audio recordings were collected in a rela-
tively controlled environment and feature native
Swedish speakers as their first language. The
study was approved by ethical approval (reference
number: 206—-16, 2016; T021-18) issued by the re-
gional ethical review board in Gothenburg, Sweden.
Participants were informed that they could withdraw
their participation at any time. All data were coded
and anonymized. For the audio capture of the task,
a Zoom H4n Handy recorder was used, and the
resulting audio files were saved and stored as un-
compressed audio in .wav-format 44.1 kHz with
16-bit resolution. A speech pathologist and compu-
tational linguist were present during the recording
sessions, providing all subjects with identical in-
structions according to a predefined protocol (cf.
Section 3.2). The audio recordings were manually
transcribed by a professional transcription company
using a standardized procedure and clearly speci-
fied guidelines to ensure consistency and accuracy.
Manual transcribers added full stops at the end of
sentences because the same data should be us-
able for syntactic parsing, which requires explicit
sentence boundary marking. All data were stored
within a secure university-managed infrastructure,
using a information security class 3 platform based
on Nextcloud,® in compliance with institutional data
protection requirements.

3.1. Demographic and Dataset

Characteristics

The study sample consisted of speech recordings
from 30 participants in the aforementioned study,
drawn from Vdstra Gétaland County in Sweden.
The participants ranged in age from 57 to 78 years
(M = 68.9, SD ~ 5.37). The sample included an
equal percentage of female/male participants and
also equally distributed across the three categories:

3https://nextcloud.com.



HCn.10 MClho1o SClinzio
Females 5 5 5
Males 5 5 5
Mean Age 71.2 68,4 67
Mean Years of
Education 13.5 12.8 16.3
vean Fecordnd 1553 1308s 194

uration

Mean Token
Number 402.5 294,3 426.4
Number of Tokens
with Disfluencies 93 86 61
Type-Token Ratio 4.30 3.83 3.82

Table 1: Demographic information for the three
groups of participants.

Healthy Controls, HC,* Mild Cognitive Impairment,
MCI® and Subjective Cognitive Impairment, SCI.6
Details of demographic information for the three
groups of participants are shown in Table 1.

In the table, Type—Token Ratio (TTR) is a mea-
sure of lexical diversity, defined as the number of
unique words (types) divided by the total number of
words (tokens) in a text or speech sample. In our
sample, the TTR is between 4.30 (higher for the
healthy group) and 3.82, which is typical for spon-
taneous informal speech. A higher TTR implies
greater lexical diversity, which is often desirable in
speech. However, no statistical significance claims
can be made due to the small sample size, and
the measurements in Table 1 are just given as a
reference.

3.2. "Trip to Stockholm": a Swedish
Spoken Discourse Task for ASR

Evaluation

The spontaneous language material analyzed in
the present study was derived from a spoken dis-
course task modeled on the "Trip to New York"
(Harris et al., 2008; Fleming and Harris, 2008). For
the purposes of this project, the task was adapted
to "Trip to Stockholm" (Antonsson et al., 2021). The

*Healthy Controls are participants who do not exhibit
the condition under investigation and serve as a baseline
or comparison group against affected individuals.

SMild Cognitive Impairment is defined as a transitional
stage of cognitive decline that lies between the alterations
associated with normal aging and the deficits that satisfy
the diagnostic criteria for clinical dementia (Petersen
et al., 2014; Albert et al., 2011).

8Subjective Cognitive Impairment refers to a self-
perceived, persistent decline in one or more cognitive
domains over time, occurring in the absence of objec-
tively measurable deficits (Jessen et al., 2007).
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use of this complex discourse task has shown the
potential to differentiate adults who are normally
aging cognitively from those with MCI (Fleming,
2014), which is an important task of our research.
Participants were asked to describe orally how they
would plan and carry out a trip to Stockholm, follow-
ing a short series of instructions about the planning
of a two week trip:

Now you are going to do a task where
you are asked to think and plan aloud.
Imagine that you are going on a vacation
a week from now. You are traveling to
Stockholm for a 2-week stay. Think about
all you will have to do to get ready to go,
such as how you will get there, what you
will bring, and what you will do. | want you
to tell me all of your plans until | ask you
to stop after about 4 to 5 min.

If participants did not spontaneously include cer-
tain information in their narratives, brief follow-up
prompts were provided (e.g., "Who will take care of
your mail?" or "What will you bring on your trip?").
The task was designed to elicit connected, naturalis-
tic speech requiring conceptual and semantic elab-
oration related to the cognitive-linguistic schema for
travel (Harris et al., 2008). Due to its cognitive and
linguistic complexity, the task has been suggested
to be sensitive to subtle deficits in individuals with
brain injury, engaging executive functions such as
initiation, planning, temporal organization, and flex-
ibility, as well as semantic, episodic, and working
memory processes.

3.3. Pre-processing

Common disfluency features in Swedish, such
as nonlexical fillers ’nm”, "eh” and vocalizations
"haha", as well as false starts, were not omitted.
Word fragments, e.g., T...] inte betal- bestélla n&-
got hotell [...]' (lit. [...] not pay- to book a hotel
[...]) were transcribed as complete words when-
ever the intended word could be reliably identified
by the manual transcriber; if not, the transcription
preserved the original partial or interrupted form; as
in ‘[...] ndr jag har txxx jag tycker [...]’ (lit. [...] when
| have txxx, | think [...]).

Numerical data as well as occurrences of URLSs,
were rendered in full; for example, "E4"” was tran-
scribed as e-four; and bookings.com as three to-
kens bookings punct com.

In the evaluation all tokens were converted to low-
ercase and punctuation marks were removed. The
Python package werpy was used for text normal-
ization.® The aim of these normalizations was to

""E4" is a major European route (motorway/highway).
8https://pypi.org/project /werpy/.



improve the accuracy when matching the transcrip-
tion with the gold data since difference in phrase
segmentation and inconsistencies in using upper-
/lowercase letters can have detrimental effects on
the evaluation.

3.4. Models and Metrics

Most modern ASR systems are based on Open-
Al's Whisper (Radford et al., 2022; OpenAl, 2022),
which uses a sequence-to-sequence transformer
architecture. Audio is converted to a log-Mel
spectrogram, encoded, and then decoded auto-
regressively into text tokens (words, subwords, or
punctuation). Processing occurs in independent
segments, which are later combined, allowing effi-
cient transcription but occasionally producing local
inconsistencies.

In the present study, ASR transcriptions were
generated using locally deployed versions of three
publicly available models and variants:

* OpenAl Whisper is an ASR model trained in
more than 680,000 hours of multilingual, mul-
titask audio data, designed to support robust
transcription and translation across a wide
range of languages and recording environ-
ments (Radford et al., 2022).°

the Swedish National Library’s KB-Whisper, is
based on OpenAl’'s Whisper architecture but
trained on over 50,000 hours of Swedish au-
dio (Vesterbacka et al., 2025).1° The train-
ing corpus included TV broadcasts, parlia-
mentary debates, and dialectal recordings,
yielding substantially improved accuracy for
Swedish speech compared to the original
OpenAl model.

Stable-TS, a variant of OpenAl Whisper, is an
open-source timestamp refinement and align-
ment layer for Whisper-based ASR. It post-
processes OpenAl Whisper model output by
re-aligning text tokens to audio using forced-
alignment and smoothing heuristics.’

All three systems were used in their Faster-
Whisper implementation'® which utilizes the
CTranslate2 library,’® a fast inference engine
for Transformer models.

9https://huggingface.co/openai/whispe

r-large-v3.

1Ohttps://huggingface.co/KBLab/kbfwhisp
er—large.

11https://github.com/jianfch/stable—ts.

12https://github.com/SYSTRAN/faster—whi
sper.

13https
e2/.

://github.com/OpenNMT/CTranslat
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We used four size versions of each model: tiny,
small, medium, and large. Each model configu-
ration, model type, and size, was also assessed
using three primary evaluation metrics:

» Word Error Rate (WER): which quantifies the
proportion of words incorrectly predicted by a
model, accounting for substitutions, deletions,
and insertions relative to the reference tran-
scription; that is, the minimum edit distance
between a transcript and the reference (ground
truth), expressing the proportion of errors rel-
ative to the total number of words. The WER
metric typically ranges from 0 to 1, where 0
indicates that the compared pieces of text are
exactly identical, and 1 (or larger) indicates
that they are completely different with no sim-
ilarity. A WER of 0.8 means that there is an
error rate of 80% for the compared sentences.

Bilingual Evaluation Understudy (BLEU):
which measures the n-gram overlap between
the predicted and reference transcriptions; (Pa-
pineni et al., 2002). BLEU computes a value
between 0 and 1, where 1 corresponds to per-
fect agreement between the prediction and the
gold standard. Although BLEU was originally
developed for machine translation evaluation,
it has also been applied to speech-to-text out-
put by comparing the generated transcript with
a reference text. However, this metric does
not fully capture recognition errors and should
therefore be interpreted with caution.

Google-BLEU (GLEU): a measure intended to
overcome limitations in BLEU score calcula-
tions and are better suited for sentence level
comparisons GLEU balances precision and re-
call over 1-4 n-grams between predicted and
reference transcriptions. (Mutton et al., 2007).

We used the BLEU and GLEU implementations
from NLTK'# as well as the WER implementation
from the werpy package.

The study also considers a range of the hy-
perparameter temperature settings (0, 0.25, 0.5,
0.75, and 1), which control the degree of random-
ness during decoding. Lower temperature values
lead to more deterministic and stable transcriptions,
whereas higher values introduce increased variabil-
ity in the generated output, potentially capturing
alternative word choices at the cost of consistency,
i.e. increased error rates (cf. Table 2).

"“https://www.nltk.org/.



4. Evaluation and Analysis

The three ASR models are assessed against the
reference transcripts, using a version without any
punctuation markings. The transcripts were pre-
processed according to the previous description
(Section 3.3). Numerical tokens were converted to
text (e.g. "4" to "four") and all transcriptions were
transformed to lower-case. We evaluated the per-
formance of each ASR model using the previously
described metrics, WER, BLEU, and GLEU, and
the five temperature hyperparameters.

Swedish short discourse adverbs and function
words (2-3 characters long), such as vél (lit. “well”)
and ju (a discourse particle roughly meaning “as
you know” or “after all”) are often dropped in tran-
scriptions, probably because of acoustic ambiguity
and language model bias. For example, ska val
ga becomes ska ga (lit. “it should work”) or ‘a s&
har de ju vasamuseet’ becomes ‘och sa har de
vasamuseet’ (lit. “and then they have the Vasa
Museum, of course”); see also footnote 1. Similar
behavior is observed in multiword function words
such as i och med (“given that” or “due t0”); nu &r
jag ju bortskdmd i och med att jag har en hustru (lit.
“I am, of course, spoiled, given that | have a wife”)
to nu dr jag bortskén att jag har en hustru (lit. “Now
I am ‘bortskén’ that | have a wife”); note also the
wrong annotation of bortskdmd to bortskén.

Some other discrepancies between near-
verbatim manual transcription and the models’
output, as well as between orthographic and
phonetic-near transcriptions can be explained by:

(i) homonym-phonetic confusion (‘& sometimes
‘och’ [and]);

(i) occasional cases in which the orthographic
transcription incorporated manually asserted
phonetic symbols (e.g., 'n:u’ [now] and ’- -
" longer pauses), reflecting a partial conver-
gence with phonetic-level representation;

(iii) phonological deviation ’a sla sej’ (lit. ‘och sla
sig’) — [and beat themselves].

More importantly, ASR artefacts, such as the
outputted word “lagoda”, may result from word con-
catenation, erroneous normalization, or phonetic
approximation under conditions of rapid or indis-
tinct Swedish speech; in this instance, the form
most likely corresponds to a misrecognition of the
proper name “Agoda’, a travel agency.

Finally, overregularization, when a grammatically
valid rule is applied in an inappropriate linguistic
context, is also observed in such cases models
apply the regular Swedish plural suffix (here ’-ar’)
to nouns that exhibit zero plural marking in standard
Swedish; e.g. 'fyra lamm’ (lit. four lambs) to fyra
lammar’; or ’skjortor’ (lit. shirts) as 'skjortar’.
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4.1. Performance Results

The evaluation results are shown in Table 2. As
can be seen in this table there are systematic differ-
ences in performance depending both on the type
of model and the size configuration. Larger con-
figurations generally yield higher accuracy, though
gains are model-dependent, and some smaller con-
figurations achieve competitive results, suggest-
ing potential trade-offs between computational cost
and performance.

In all tasks, as expected, the large Swedish KB-
Whisper model performed overall best for all three
metrics, with a temperature set to 0.5. In fact, 0.147
was the best overall WER value, 0.927 the best
overall value for BLEU, and 0.926 the best over-
all GLEU value, regardless of the model. Lower
WER values generally indicate transcripts that more
closely approximate the reference text and are
therefore more likely to be understandable. While
high BLEU and GLEU values indicate that the gen-
erated transcripts closely match the reference text
in terms of word choice and local phrase structure.
Notably, the lowest WER values for OpenAl and
Stable-TS were the medium models with tempera-
ture=0, 0.202 and 0.199, respectively. As an outlier
the OpenAl-large model started repeating a part
of the output for one of the example over and over
again which resulted in very bad scores. We are not
sure about the source of this problem but were able
to reproduce with the same input and parameters.

The results show consistent differences in the
processing/transcription time between model sizes
and resource settings.'® For both KB-Whisper and
OpenAl Whisper, the large models require substan-
tially longer total runtime than the tiny variants (ap-
proximately 13—14 minutes vs. just over 8 min-
utes), with average per-instance processing times
of around 5.5 seconds for /large and 3.3 seconds for
tiny. In contrast, the Stable-TS setting is markedly
more computationally demanding, with runtimes
increasing by a factor of approximately four for all
models, particularly for the /large configuration (56
minutes total, 22.5 seconds on average).'® De-
spite these differences, the relative efficiency gap
between large and tiny remains stable across set-
tings, indicating that model size consistently im-
pacts computational cost, while the choice of re-
source configuration has a much stronger effect on
overall runtime.

'®All data has been transcribed using the CUDA imple-
mentation of Faster Whisper on a server equipped with
a NVIDIA GeForce RTX 3060 (12 GB RAM).

'®The length of the audio recordings is ca 80 min, all
transcriptions were substantially faster than real-time.



temp=0

temp=0.25 temp=0.5 temp=0.75 temp=1

WER 0.149  0.153 0.147*  0.163 0.189
large  BLEU 0926  0.922 0.927* 0916 0.903

GLEU 0924  0.920 0.926*  0.914 0.900

WER 0.206  0.206 0.207 0.216 0.219

medium BLEU 0.879  0.881 0.877 0.869 0.870
KB-Whisper GLEU 0874  0.876 0.872 0.863 0.864
WER 0171  0.173 0.179 0.182 0.196

small  BLEU 0913  0.909 0.910 0.903 0.895

GLEU 0912  0.907 0.908 0.901 0.891

WER 0565  0.683 0.583 0.244 0.279

tiny BLEU 0571  0.499 0.534 0.885 0.867

GLEU 0505 0415 0.447 0.882 0.863

WER 0674  0.273 0.658 0.224 0.273

large  BLEU 0.837  0.862 0.799 0.875 0.847

GLEU 0835  0.859 0.796 0.869 0.840

WER 0.202* 0.218 0.227 0.245 0.364

medium BLEU 0.904*  0.893 0.883 0.868 0.790

OpenAl GLEU 0.902*  0.890 0.878 0.863 0.776
WER 0253  0.290 0.298 0.317 0.476

small  BLEU 0.880  0.849 0.851 0.841 0.729

GLEU 0.876  0.842 0.845 0.834 0.708

WER 0476  0.646 0.584 0.605 0.774

tiny BLEU 0795  0.727 0.759 0.726 0.544

GLEU 0785 0716 0.748 0.706 0.491

WER 0220  0.274 0.310 0.210 0.268

large  BLEU 0.893  0.867 0.855 0.886 0.855

GLEU 0.890  0.865 0.852 0.882 0.849

WER  0.199*  0.234 0.224 0.237 0.365

medium BLEU 0.904*  0.874 0.886 0.879 0.788

Stable-TS GLEU 0.902*  0.869 0.883 0.875 0.770
WER 0.259  0.283 0.292 0.326 0.490

small  BLEU 0.874  0.855 0.852 0.834 0.716

GLEU 0.870  0.849 0.845 0.826 0.692

WER 0510 0537 0.572 0.603 0.772

tiny BLEU 0.770  0.760 0.739 0.728 0.564

GLEU 0759  0.746 0.723 0.708 0.521

Table 2: Evaluation results for the three main models, KB-Whisper; OpenAl; Stable-TS, comparing
performance across the four size configurations (tiny, small, medium and large) and five temperature
values for each model architecture (0, 0.25, 0.5, 0.75 and 1). The best results for each temperature value
are marked in bold and the overall best result for each model is marked with an asterisk (*).

5. Discussion and Future Work

Despite major advances in ASR and claims of near-
human precision, evaluations in domains such as
Higher Education lectures reveal substantial vari-
ability and reduced reliability, particularly for stream-
ing applications (Kuhn et al., 2024). Although our
study is subject to limitations, such as the inclusion
of only 30 participants, the findings may nonethe-

less provide valuable insights for downstream ap-
plications. In particular, when combined with care-
ful preprocessing and quality control, these ap-
proaches can support automated cognitive eval-
uation and the monitoring of language-related de-
cline, especially in large-scale evaluations involving
population-level cohorts.
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We strongly believe that the WER (and other met-
rics) on this kind of data can be improved through
several practical strategies, including enhancing
audio quality, employing domain-specific language
models, applying post-processing corrections, or
retraining the system with additional in-domain
speech data. These approaches are primarily ap-
plicable in future data collection scenarios and can
involve recordings of individuals with mild or se-
vere cognitive impairments, although the collection
of such data necessarily requires careful ethical
consideration.

By contrast, we want to explore prompting. We
can apply this method directly to existing record-
ings without the need of additional data acquisition
or training. Further assessment of the robustness
of this framework, together with evaluation of its
performance, constitutes a primary focus of future
work. Prompts for Whisper models are used to
stitch together multiple audio segments, Whisper
is using a sliding audio context window of 30 sec-
onds."” However, giving an initial prompt can even
steer the model output, providing spelling and out-
put formatting hints. '8

In addition, future investigations will extend the
evaluation to newly released and updated Whisper-
inspired model versions,'® enabling a more com-
prehensive comparison.

On the research infrastructure side we work on
extending the tooling provided by Sprakbanken
Text. Whisper-based transcriptions (Sprakbanken
Text, 2025c) are already available in the Sparv
pipeline (Sprakbanken Text, 2025d) and conse-
quently also in the Mink platform (Sprakbanken
Text, 2025a,b). However, the feature set is currently
too limited to conduct our experiment within this
framework. We plan to add the missing features
required by our experiments, allowing us as well as
other researchers to reproducibly repeat this and
similar experiments using the Sparv (Sprakbanken
Text, 2025d) pipeline. The full Whisper toolbox will
be made available within Mink. More details about
Mink and Sparv can be found in Forsberg et al.
(2025). The current code for the experiment and
evaluation is also available on Github under a free
and open license.?°

17https ://github.com/openai/whisper.

18https ://developers.openai.com/cookbo
ok/examples/whisper_prompting_guide.

9Other models not considered in the study include
https://huggingface.co/birgermoell/whisp
er-small-sv-bmandthe https://github.com/m
-bain/whisperX.

2t tps://github.com/spraakbanken/Whis
per—experiment/.
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6. Conclusion

This study evaluates state-of-the-art automatic
speech recognition (ASR) models for the full-scale
automatic transcription of a Swedish discourse nar-
rative task. The population in focus includes individ-
uals with early signs of cognitive impairment. ASR
provides a scalable and automated method for ana-
lyzing spoken responses in cognitive assessments.
However, spontaneous speech—often character-
ized by disfluencies, hesitations, and complex syn-
tactic structures—remains more challenging than
controlled reading tasks, influencing recognition ac-
curacy and downstream analysis such as automatic
scoring or classification tasks.

We focus on Word Error Rate (WER) because it
directly measures word-level transcription accuracy,
which is the primary objective of this work. WER
reflects human correction effort, penalizes substitu-
tions, deletions, and insertions symmetrically, and
discourages over-generation and hallucination. Al-
though WER does not capture semantic equiva-
lence, it is a deliberate and widely accepted choice
to evaluate transcription fidelity and ensures com-
parability with previous ASR literature. In addition
to WER, we report metrics in BLEU and GLUE-
style to capture complementary aspects of ASR
output quality. WER measures exact word-level
transcription fidelity, whereas BLEU reflects local
phrase consistency and fluency by providing partial
credit for benign lexical variations. GLUE-style met-
rics assess semantic equivalence, enabling us to
distinguish meaning-preserving deviations from se-
mantically harmful errors. Together, these metrics
offer a more complete evaluation while retaining
WER as the primary measure of transcription ac-
curacy.

This evaluation therefore offers practical guid-
ance for selecting ASR models suited to Swedish-
language clinical and research applications, balanc-
ing transcription quality with robustness to natural
speech variations. By mapping the performance
of the model to the demands of specific tasks, we
outline a framework for integrating Al transcription
into screening workflows. The findings underscore
the importance of task-sensitive model evaluation
and support the development of automated tools
and platforms for cognitive evaluation.

7. Limitations

The dataset is limited by the small sample size,
comprising only 30 participants from the same geo-
graphical area and with a comparable age and level
of education. This restricts the generalizability of
the findings and calls for caution when interpreting
the results.



Al models can produce confusing words (or sen-
tences) by mistaking homonyms or hallucinating
text, particularly in cases where contextual cues are
weak and the model must rely on uncertain predic-
tions (Koenecke et al., 2024). Moreover, evaluation
metrics such as WER — though simple and easy to
compute — have been criticised for not capturing
text understanding and for correlating only weakly
with human judgments of transcript quality (Just
et al., 2025; Phukon et al., 2025). Still, WER re-
mains one of the most widely used and practical
metrics for evaluating ASR systems, as their ver-
batim outputs lend themselves to word-by-word
comparison.

8. Ethical Considerations

During the experiments, we ensured that no private
or personally identifiable information—such as par-
ticipants’ names and health data — was disclosed
or processed outside the local environment. To min-
imize privacy risks and maintain full control over the
data, all experiments were conducted exclusively
using locally installed open-source models. This
approach ensured that no data were transmitted
to external servers or third-party services, thereby
complying with data protection and ethical research
standards.
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Abstract

Patients with diverse neurocognitive conditions frequently exhibit measurable language deficits that serve as
biomarkers for differential diagnosis and therapy decision making. Discourse analysis can offer reliable ecological
measures of human communication, yet manual discourse analysis is cumbersome. Recent advances in automated
analysis software provide quick and easy extraction of raw language metrics in the clinic. Nevertheless, transforming
these measures into actionable clinical insights remains a significant challenge. The aim of this paper is to present
the Automated Language Biomarker Application (ALBA), an integrated framework developed within the Open Brain
Al ecosystem to bridge the gap between feature extraction and clinical interpretation. ALBA provides clinicians with a
robust statistical infrastructure to benchmark individual patient measures against standardized, large-scale clinical
corpora. By utilizing a shared elicitation and processing pipeline, the application ensures that user-provided data are
directly comparable to population norms for conditions including Aphasia, Mild Cognitive Impairment (MCI), Dementia,
and other neurological conditions. The system implements adaptive statistical logic, employing one-sample t-tests
and robust non-parametric alternatives to provide real-time significance testing and dynamic visualizations (box, bar,
and violin plots). By automating the comparison of "Language Signatures" against healthy controls and specific
clinical phenotypes, ALBA facilitates rapid, evidence-based decision-making in both research and rehabilitation
contexts.

Keywords: Language Biomarkers, Open Brain Al, TalkBank, Clinical Discourse Analysis

1. Introduction Although numerous research studies have re-
ported various linguistic measures (Themistocleous
Clinical discourse analysis has a long history in  and Stark, 2026; Varkanitsa et al., 2023; Kiran et al.,
assessment of neurogenic |anguage, especia”y 2019), the field Currently lacks a unified framework
aphasia, because language-in-use, such as during  that enables clinicians to generate patient-specific
picture sequence description or narrative retells, of- ~ data and compare it with standardized measures
ten provides a more nuanced and complex picture derived through identical methodologies. As the
of a person’s linguistic ability than isolated tests of ~ need for clinical discourse analysis and its impor-
|anguage, such as confrontation picture naming. tance in eliciting rich and ecological measures of
While clinical discourse analysis evaluates linguis- human communication compared to other clinical
tic, propositional, macrostructural, and pragmatic ~ tasks becomes more pressing, providing such a uni-
aspects of discourse, many neurogenic populations  fied framework is an exceedingly important need.
struggle with foundational linguistic components.
As a result, language biomarkers have tended to
be derived from quantitative Ianguage measures This paper presents Automated Language
linked to specific clinical or developmental condi-  Biomarker Application (ALBA), a web-based tool
tions. Further, in practice, clinicians often extract for producing and Comparing clinical research out-
such measures, including part-of-speech counts,  comes with standardized measures. ALBA has
lexical rat-IOS, and Word-frequgncy distributions, -tO been deve|oped to serve as a data resource by
systematically assess and objectively score an in-  facilitating the presentation and comparison of au-
dividual’'s communicative ef‘ficacy (Bryant et al,, tomatic measures generated by Open Brain Al, a
2016). clinical research platform and computational tool
However, interpreting these findings remains  designed for language assessment and analysis
challenging in the absence of reference corpora or  (Themistocleous, 2024). These measures origi-
standardized norms to facilitate comparative anal-  nate from both clinical tasks (e.g., cookie theft, Cin-
ysis. To bridge this gap, three primary objectives  derella story, story-telling, and story-retelling) as
must be met: the establishment of gold-standard  well as from large-scale text corpora. A key advan-
metrics, the adoption of shared elicitation method-  tage of ALBA is its flexibility: new language mea-
ologies, and the provision of accessible tools for  sures can be easily added or updated to accom-
the rapid comparison of results to support informed  modate emerging clinical conditions and evolving
clinical decision-making. research needs.
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2. Previous Research

Developmental or acquired neurocognitive condi-
tions can disrupt language and communication
in complex and heterogeneous ways, with impair-
ments often spanning expressive domains such
as phonology, morphology, syntax, semantics, and
lexical access (Themistocleous and Stark, 2026;
Varkanitsa et al., 2023; Kiran et al., 2019). While
some aspects of linguistic breakdown can be par-
tially predicted by lesion location or severity, the
relationship is far from deterministic due to the dis-
tributed and dynamic nature of language networks
in the brain. Discourse-level language analysis of-
fers a unique window into these impairments, cap-
turing subtle disruptions in coherence, cohesion,
informativeness, and pragmatic appropriateness
that are often missed by more constrained or mod-
ular assessments.

Through systematic quantification of expres-
sive language—particularly at the discourse
level—automated language measures can func-
tion as robust biomarkers, helping to characterize,
differentiate, and subtype various neurological con-
ditions, including left and right hemisphere stroke,
traumatic brain injury, mild cognitive impairment,
and dementia. These measures not only distin-
guish clinical populations from healthy controls but
also provide insight into the underlying cognitive
and communicative mechanisms affected in each
condition (Themistocleous and Stark, 2026).

To enable differential diagnosis and inform treat-
ment planning, language measures must be inter-
preted against well-characterized reference pop-
ulations or normative data, which provide essen-
tial context for distinguishing clinical profiles. Nor-
mative reference data are especially valuable in
identifying subtle but clinically meaningful lan-
guage changes in individuals with the mildest
forms of aphasia (e.g., latent aphasia), traumatic
brain injury, right hemisphere disorder, mild cogni-
tive impairment, or the earliest stages of demen-
tia—conditions where language impairments may
not be immediately obvious but are crucial to differ-
entiate from typical aging. While normative com-
parisons may be less critical for diagnosing more
overt or "frank" aphasias, they still provide mean-
ingful context for characterizing the specific pattern
and severity of impairment, guiding tailored treat-
ment approaches, and establishing a baseline for
tracking individual progress.

For clinicians, access to normative data can en-
hance decision-making in several key ways. (1)
To characterize the specific pattern and severity of
impairment, detailed language measures—such as
lexical diversity, syntactic complexity, or informative-
ness—can help phenotype aphasia presentations
beyond broad classifications like Broca’s or Wer-
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nicke’s aphasia. For instance, two individuals with
anomic aphasia may show similar naming deficits,
but one may produce overly vague narratives with
limited cohesion, while another struggles with syn-
tactic formulation—distinctions that are only visible
through discourse-level profiling against normative
benchmarks. (2) In guiding tailored treatment ap-
proaches, knowing which language domains are
disproportionately affected relative to healthy con-
trols can help clinicians prioritize intervention tar-
gets. For example, if a person with right hemi-
sphere damage demonstrates relatively preserved
syntax but poor global coherence, therapy can fo-
cus more on narrative structuring and pragmatic
use. (8) To establish a baseline, quantified lan-
guage data at intake provide a reference point for
monitoring individual progress over time, allowing
clinicians to track meaningful change in discourse
abilities, even if those changes do not shift the per-
son’s broad diagnostic category.

2.1. Traditional Discourse Analysis:
Time Consuming, Resource

Intensive, Lacking in Tools

Historically, discourse analysis in clinical and ed-
ucational settings has relied on manual annota-
tion, a process requiring granular characteriza-
tion of micro-structural features (linguistic and
propositional levels, e.g., lexical and sentence
level features) and macro-structural properties
(planning and pragmatic levels, e.g., global co-
herence/cohesion, thematic evolution, and topic
maintenance) (Paltridge, 2006). Although provid-
ing deep qualitative insights, manual analysis is
resource-intensive, requiring specialized linguistic
expertise and extensive labor for scoring (Hansen
et al., 2022; Cruice et al., 2020; Bryant et al., 2018),
and often clinicians and researchers cite these as
significant barriers preventing them from engaging
in discourse analysis. Consequently, traditional
diagnostic batteries have often been restricted to
narrow elicitations of measures from connected
speech productions and a substantial lack of stan-
dardization outputs (Stark et al., 2023).

2.2. Computational Tools

To address the limitations of manual scoring, sev-
eral software frameworks have emerged to auto-
mate linguistic feature extraction. The Computer-
ized Language Analysis (CLAN) system, part of the
TalkBank project, established the industry standard
by using the CHAT transcription format to calcu-
late morphosyntactic and lexical diversity measures
(MacWhinney). Similarly, the Systematic Analysis
of Language Transcripts (SALT) has become a clini-
cal staple for speech-language pathologists (SLPs),
focusing on standardized metrics like Mean Length



of Utterance (MLU) and error coding (Cunningham
and Haley, 2020; Fergadiotis, 2011).

The emergence of neural Natural Language Pro-
cessing along with end-to-end automated pipelines
for text processing are gradually finding their
way into the clinic (Tippett et al., 2025). Plat-
forms such as Open Brain Al (OBAI) (Themisto-
cleous, 2024) and automated tools like Batchalign
(Liu et al., 2023) have moved beyond keyword
counting to leverage Automatic Speech Recogni-
tion (ASR), Neural Morphosyntactic Tagging, and
Transdiagnostic Biomarkers. For example, Open
Brain Al can now extract hundreds of linguistic
biomarkers—ranging from acoustics to semantic
coherence—allowing for a “Language Biomarker”
that characterizes specific neurodegenerative or
developmental conditions. Such automated compu-
tational language measures are being to describe
the various language domains including and con-
tribute to the automatic patient identificatio, subtyp-
ing, and prognosis (Fraser et al., 2014; Kénig et al.,
2018; Themistocleous et al., 2021).

Modern automated Al tools typically generate
two distinct classes of linguistic measures, each
serving a unique function in clinical research. The
first class consists of interpretable biomarkers with
direct physical or clinical correlates. These mea-
sures are associated with specific pathologies; for
instance, deficits in function word ratios can indi-
cate agrammatism, while a reduced noun-to-verb
ratio may signal anomia (Themistocleous et al.,
2020). Because of their overt clinical interpretation,
these metrics are easily integrated into diagnostic
assessments and used to define specific therapeu-
tic targets.

The second class comprises latent represen-
tations, such as high-dimensional word and sen-
tence embeddings (Bengio and Heigold; Mikolov
et al., 2013). While these measures—often de-
rived from large-scale transformer models—Ilack
immediate transparency for clinicians, they serve
as highly robust predictors in supervised and un-
supervised classification tasks. Both types of mea-
sures are essential: while interpretable features
provide the "why" for clinical intervention, latent
embeddings often provide superior accuracy for
automated screening and condition subtyping.

2.3. From Extraction to Interpretation

Despite the proliferation of tools designed to ex-
tract linguistic data from discourse, a critical gap
remains in the interpretation of the interpretable
language biomarkers within a clinical time-frame.
Although existing software provide raw counts or
ratios, the burden of statistical comparison often
falls on the clinician, who must manually reference
published norms or reference datasets. Our ap-
plication, ALBA (https://openbrainai.com/
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measures), is integrated directly within the Open
Brain Al ecosystem and addresses this limitation
by providing a robust statistical infrastructure that
bridges the gap between computational measures
and clinical decision-making.

First, it utilizes large-scale normative measures
for mitigating the impact of individual linguistic id-
iosyncrasies (Stark and Fukuyama, 2021). Histor-
ically, the use of standardized corpora has been
foundational to clinical and psychological research.
Early efforts relied on general-purpose datasets,
such as the Brown Corpus in English and the Sprak-
banken Text to establish baseline word frequencies
and lexical expectations (Francis and Kucera, 1982;
Forsberg et al., 2025). Large-scale collections are
critical because they define the boundaries of "nor-
mal" linguistic variation, accounting for the vast di-
versity in human speech influenced by age, educa-
tion, and cognitive health. Without large, validated
datasets, researchers and clinicians are unable to
determine if a patient’s performance represents
a pathological deficit or simply a point within the
tail of typical variation. Language measures from
large-scale normative datasets are thus essential
for mitigating the impact of individual linguistic id-
iosyncrasies serving as benchmarking data for the
scores elicited in the clinic.

ALBA aggregates measures derived from stan-
dardized corpora, offering an interactive environ-
ment where practitioners can empirically determine
the degree of divergence between their specific
patient data and established population norms.
Specifically, by benchmarking against HCs clini-
cians can quantitatively assess whether a patient’s
linguistic profile falls within a normative range. Fur-
thermore, it allows for differential comparisons
across a spectrum of neurological conditions, in-
cluding LHD, RHD, TBI, MCI, and dementia.

Secondly, ALBA’s integration with Open Brain Al
ensures methodological consistency by enabling a
direct comparison between clinician-elicited mea-
sures and standardized benchmarks, both of which
are processed through the same computational
pipeline. This homogeneity eliminates cross-
platform variance and enhances interpretative ac-
curacy substantially.

3. The ALBA User Interface

The interface of the (ALBA) application shown in
Figure 1 is designed for clinical intuition and re-
search rigor. The architecture is divided into two
primary functional zones:

The Configuration Sidebar (Left Panel) facilitates
the parameterization of the analysis. Users can se-
lect the specific elicitation task (e.g., the Cinderella
story-retell), the category of linguistic measures
(lexical, phonological, morphological, syntactic, or
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Figure 1: Interface of the Linguistic Biomarkers
Application (ALBA). The left hand area allows the
selection of the corpus, the category of linguistic
measures (e.g., lexical, phonological, morphologi-
cal, syntactic, semantic) and the language group
(healthy controls, patients with different conditions).
The main area includes the statistical interface that
provides a score with a p-value on whether the
measure provided by clinicians is the same or dif-
ferent from the one in the visible corpora based on
statistical analysis (see Statistical Methodology).
Users can selected different visualization options
and view descriptive statistics as a table.

semantic), and the target clinical cohorts for com-
parison (e.g., Healthy Controls vs. various Aphasia
subtypes).

The Analytical Dashboard (Main Panel) consti-
tutes the central workspace features, an interactive
statistical comparison tool. Upon entering a pa-
tient’s score, the system dynamically calculates
and reports a p-value and a formatted APA-style
narrative indicating whether the individual’s per-
formance significantly diverges from the selected
reference corpora (see Statistical Methodology).

To support diverse interpretative needs, the main
panel offers multiple visualization modalities, includ-
ing box plots, bar charts with standard deviation
error bars, and density-style violin plots. Below
the visual representations, a comprehensive Refer-
ence Statistics Table provides metadata—including
sample sizes, medians, Interquartile Ranges (IQR),
and pre-computed normality indicators—ensuring
full transparency of the underlying normative data.
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4. Methodology

4.1.

A flattened relational schema designed for rapid
client-side parsing generated from an earlier study
(Themistocleous and Stark, 2026) using Open
Brain Al from TalkBank data (MacWhinney) is uti-
lized as the primary dataset.

Data

4.2. Statistical Methodology

To maintain high system performance and low la-
tency, ALBA utilizes a hybrid decision engine for
statistical test selection. Rather than performing
resource-intensive computations on raw transcripts
(&N > 600) at the client level, the system utilizes pre-
computed distributional metadata. These data cor-
respond to a unique combination of Task, Diagno-
sis, Linguistic Variable with eleven foundational met-
rics. Central Tendency and Dispersion (i.e., Mean,
Standard Deviation (SD), and Median), Distribu-
tion Geometry (i.e., Min, Max, and the Interquar-
tile Range (Q1,Q3)), Inferential Metadata (Pre-
computed Shapiro-Wilk p-values (P_Shapiro) and
Fisher-Pearson skewness coefficients (Skewness),
which inform the automated IsNormal flag).

4.3. Test Selection Criteria

The application evaluates each linguistic variable
against two primary assumptions:

1. Parametric Path: If the reference distribution is
pre-validated as normal via the Shapiro-Wilk
test (p > .05) or meets the Central Limit The-
orem criteria (n > 30 with low skewness), a
one-sample t-test is performed.

Non-Parametric Path: If the distribution ex-
hibits significant skewness (|u — M| > 0.1pu)
or fails normality testing, the system automati-
cally employs a one-sample Wilcoxon signed-
rank approximation based on the median and
Interquartile Range (IQR).

4.4. Parametric Comparison

When the normality criteria are met, the system
calculates a one-sample t-test to determine if the
user value significantly differs from the reference
mean (u). The t-statistic is calculated as:

K — Zobserved individual score

SE
where the Standard Error (SE) is defined as:

t =

(1)

g

The p-value is then derived from the t-distribution
with df = n — 1 degrees of freedom.

()



4.5. Non-Parametric Comparison

For the non-normally distributed pathological
speech data in the standardized datasets, the sys-
tem employs a non-parametric approach utilizing
the Wilcoxon Signed-Rank test. For a single user-
prOVided observation (xobserved individual sco'r's)a we
evaluate the probability of observing a value at least
as extreme as Tobserved individual score given the ref-
erence median (M) and the distribution of ranks.
The test statistic W is calculated as:

n
W = E Sgn(a:,» — Tobserved individual scm‘e) (3)
=1

In our implementation, the system approximates
the p-value by determining the percentile rank of
Lobserved individual score within the reconstructed dis-
tribution of the reference group.

The application automatically generates a clinical
explanation of the output following the Publication
Manual of the American Psychological Association
(7th ed.) standards.

4.6.

The statistical engine is implemented using the jS-
tat library, allowing for real-time, client-side com-
putation. This ensures low latency and enhances
user privacy, as the comparative value ., re-
mains local to the user’s browser.

To provide immediate clinical intuition, the sys-
tem overlays the user’s value onto the population
distribution using a dynamic reference line across
three visualization modes Box Plots, Bar Charts
with Significance Feedback. The user interface
provides a “Significant” (red) or “Similar” (green)
status based on an alpha level of o = 0.05.

Implementation and Visualization

5. Conclusion

In this paper, we presented the Automated Lan-
guage Biomarker Application (ALBA), an integrated
statistical interface designed to bridge the gap be-
tween automated linguistic feature extraction and
clinical interpretation. By situating ALBA within
the Open Brain Al ecosystem, we have created
an accessible workflow that converts isolated lan-
guage discourse measures into actionable "Lan-
guage Biomarkers." The contribution of this work
is three-fold. First, we demonstrate how modern Al
pipelines can be coupled with clinical resources like
TalkBank to automate discourse analysis. Second,
ALBA provides quick and easy statistical compar-
isons of clinical measures, distinguishing between
typical linguistic variation and significant patholog-
ical deficits and within different conditions based
on the available data. Third, by providing real-time,

38

dynamic visualizations and automated significance
testing, the application lowers the barrier to entry
for evidence-based biomarker screening in busy
clinical environments.

Future work will focus on integrating cross-
linguistic norms to support the transdiagnostic as-
sessment of multilingual populations. Ultimately,
ALBA represents a step toward a more objec-
tive, reproducible, and computationally-informed
approach to speech and language pathology.

6. Data Availability

The raw linguistic transcripts used to derive the
normative benchmarks in ALBA are sourced from
the AphasiaBank and other clinical repositories
within the TalkBank system (MacWhinney et al.,
2011). Access to these raw data is governed by the
TalkBank clinical data-sharing agreement, which
requires researcher registration to protect patient
confidentiality. Access to the aggregated refer-
ence measures (means, standard deviations, and
deciles) for all 290 linguistic biomarkers across
healthy and clinical cohort in the supplementary ma-
terial as a machine-readable csv file and a stable
URL to the ALBA interface are provided in https:
//openbrainai.com/measures clinical use.
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Abstract
Cognitive decline refers to the gradual loss of thinking abilities, including memory, attention, reasoning, and
problem-solving. It can be a normal part of ageing or a symptom of conditions like dementia or Alzheimer’s disease
when it significantly interferes with daily life. Early diagnosis is crucial, as timely intervention can slow progression and
improve quality of life. Emerging approaches such as Digital Linguistic Biomarkers, subtle changes in speech and
language patterns captured through digital tools, offer a promising, non-invasive way to detect early signs of cognitive
decline before more obvious symptoms appear and perform massive population screening. In this position paper, we
contend that the prevailing paradigm for the automatic detection of cognitive decline, primarily relying on classifiers
that analyse subjects’ linguistic productions at a single point in time, is not the most effective approach. Instead, we
advocate for a paradigm shift toward longitudinal analyses that track linguistic patterns over decades. To support
this perspective, we present an experiment in which we compile and analyse a long-term corpus of spontaneous
speech productions from well-known individuals, enabling insights into cognitive changes across extended time spans.

Keywords: Cognitive Decline, Digital Linguistic Biomarkers, Longitudinal Analyses

1. Introduction When the value of unpaid caregiving, estimated at
over $413 billion, is included, the total societal cost
Cognitive decline, ranging from mild memory im-  becomes staggering. This burden extends well be-
pairment to severe loss of independence, repre-  yond economics, deeply affecting caregivers, fami-
sents a growing public health challenge with pro-  lies, and communities. These realities highlight the
found personal, societal, and economic conse-  urgency of addressing cognitive decline not only
quences. Alzheimer’s disease (AD), the most com-  as a medical issue but also as a major social and
mon cause of dementia, lies at the centre of this  policy concern.
crisis. In 2025, approximately 7.2 million Ameri- A critical challenge lies in shifting the focus from
cans aged 65 and older are estimated to be living  treating advanced dementia to identifying individ-
with Alzheimer’s dementia, and projections sug-  uals at earlier stages, such as MCI or even pre-
gest this number could rise to nearly 13.8 million  clinical Alzheimer’s disease. Pathological brain
by 2060 (Alzheimer's Association, 2025). These  changes related to AD can begin decades before
figures reflect only the clinically visible portion of  symptoms become apparent, yet current diagnos-
the problem and underestimate the true scope of  tic approaches rely heavily on clinical presentation
Alzheimer’s-related cognitive decline. and expensive, specialised biomarker tests. As a
Biomarker-based studies reveal a much broader  result, opportunities for early intervention are often
spectrum of disease. Around 5 million older adults ~ missed. This diagnostic gap underscores the need
may already have Alzheimer's-related dementia  for feasible, scalable, and cost-effective screening
detectable through objective brain changes, while ~ methods that can be deployed at the population
an additional 5-7 million may have Mild Cogni- level. Early identification would allow clinicians
tive Impairment (MCI) attributable to Alzheimer’s  to implement lifestyle interventions, monitor dis-
pathology. Together, this implies that 10—12 million ~ ease progression, and potentially apply emerging
older Americans could be experiencing Alzheimer’'s- ~ disease-modifying therapies when they are most
related cognitive decline even before reaching the  effective. Population-wide screening could also re-
stage of diagnosable dementia. MCl itself is com-  duce disparities by reaching individuals who lack
mon, affecting an estimated 12—-18% of people  access to specialised neurological care.

aged 60 or older, and carries a substantial risk of Alzheimer’s disease is best understood as a con-
progression: roughly 10-15% of individuals with  tinuous process rather than a set of discrete stages.
MCI develop dementia each year, with about one- |t begins with a preclinical phase characterised
third progressing within five years (Alzheimer's As-  py silent biological changes, such as amyloid and
sociation, 2025). protein tau accumulation, without obvious symp-

Beyond prevalence, the burden of cognitive de-  toms. During this phase, individuals may experi-
cline is immense. In 2025, healthcare and long-  ence Subjective Cognitive Decline (SCD), reporting
term care costs associated with Alzheimer’'s and  perceived worsening of memory despite normal per-
other dementias are projected to reach $384 billion.  formance on standard tests. The next stage is MClI,
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Figure 1: Model of the clinical trajectory of

Alzheimer’s disease (Picture adapted from Sperling
etal. 2011).

often due to Alzheimer’s pathology, where mild
but noticeable cognitive symptoms emerge without
significantly interfering with daily life. As the dis-
ease progresses, individuals move through stages
of mild, moderate, and severe dementia, with in-
creasing impairment in everyday functioning and
eventual loss of independence. Importantly, cog-
nitive decline unfolds gradually over many years,
with disease-related trajectories showing steeper
declines than normal ageing but remaining contin-
uous in nature, as illustrated by Figure 1.

An important modifier of this trajectory is cogni-
tive reserve (CR), a concept referring to the brain’s
resilience to age-related and pathological changes.
Cognitive reserve helps explain why individuals
with similar levels of brain pathology can show very
different clinical outcomes. Factors such as edu-
cation, intellectually demanding occupations, so-
cial engagement, and cognitively stimulating activi-
ties contribute to higher cognitive reserve, allowing
some individuals to compensate more effectively
and delay the onset of symptoms. Figure 2 illus-
trates the point clearly and, comparing this picture
with Figure 1, the impact of cognitive reserve on
diagnosis and disease progression should be evi-
dent.

Although cognitive reserve cannot be measured
directly, it is inferred through proxies like educa-
tional attainment, occupational history, and lifestyle
questionnaires (e.g. “CRIq” from Nucci et al. 2012).
Higher cognitive reserve may delay diagnosis, even
though underlying disease progression continues.

Within this context, novel screening approaches
are gaining attention, particularly Digital Linguistic
Biomarkers (DLBs) (Gagliardi et al., 2021). Lan-
guage is a complex cognitive function supported
by widespread brain networks (Catani et al., 2012;
Hagoort, 2017; Hertrich et al., 2020), making it sen-
sitive to subtle neural changes. DLBs consist of
quantifiable linguistic and speech features, such
as lexical diversity, syntactic complexity, fluency,
semantic coherence, and acoustic properties, that
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can be automatically extracted using digital tools.
Even mild disruptions in memory or executive func-
tion can manifest as detectable changes in every-
day speech and writing.

Compared to traditional neuropsychological as-
sessments, DLB-based methods are less resource-
intensive and can be administered remotely and
repeatedly at scale. Speech samples collected via
smartphones or telehealth platforms can be anal-
ysed using natural language processing and ma-
chine learning techniques, enabling low-cost, eco-
logically valid monitoring of cognitive function over
time. A growing body of evidence (see next section)
shows that DLBs can reliably distinguish healthy
ageing from MCI and early Alzheimer’s disease,
often detecting changes before overt behavioural
symptoms appear and it has gained traction among
researchers and clinicians as a means of obtaining
fast, replicable, and objective proxy measures of
mental disorders (Gagliardi, 2024).

Overall, the escalating burden of cognitive de-
cline demands a paradigm shift toward early,
population-level detection. By integrating scalable
screening tools such as digital linguistic biomark-
ers with existing clinical approaches, healthcare
systems may better address the personal, societal,
and economic costs of Alzheimer’s disease and
related dementias.

1.1. State-of-the-art on the Automatic

Detection of Cognitive Decline

In recent decades, advanced NLP techniques have
been increasingly applied to the analysis of writ-
ten texts, clinically elicited utterances, and spon-
taneous speech, with the aim of identifying DLBs
of psychiatric and neurological disorders and auto-
matically extracting linguistic features for pathology
recognition, classification, and characterisation.
Computational methods have already proven
effective in detecting linguistic indicators of cere-
bral functional disorders, including language alter-
ations and disruptions linked to depression (Jiang
etal.,, 2017; Stasak et al., 2019), focal brain lesions
(Fergadiotis and Wright, 2011), Parkinson’s dis-
ease (Benba et al., 2016; Sztahd and Vicsi, 2016;
Arias-Vergara et al., 2018; Upadhya et al., 2019;
Wang et al., 2022; Xue et al., 2023; Singh and Tri-
pathi, 2024; Anap et al., 2025) and schizophrenia
(Nenchev et al., 2024). They have also been suc-
cessfully employed to detect prodromal dementia
(MCI) (Roark et al., 2007, 2011; Satt et al., 2013;
Vincze et al., 2016; dos Santos et al., 2017; Mat-
suda Toledo et al., 2018; Meilan et al., 2018; Téth
et al., 2018; Wang et al., 2019; Meilan et al., 2020;
Wang et al., 2021; Gosztolya et al., 2021; Calza
etal.,, 2021; lvanova et al., 2022; Egas-Ldpez et al.,
2022; Moret-Tatay et al., 2023; Yamada et al., 2023;
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Favaro et al., 2024; Pourramezan Fard et al., 2024),
as well as specific associated pathologies such as
Alzheimer’s disease (Jarrold et al., 2014; Fraser
et al., 2016; Chinaei et al., 2017; Lépez-de-Ipifia
et al., 2015; Yancheva and Rudzicz, 2016; Sirts
et al., 2017; Eyigoz et al., 2020; Yang et al., 2024;
Huang et al., 2024; Kumar et al., 2025; Li et al.,
2025), Primary Progressive Aphasia (PPA) (Fraser
etal., 2014), and Frontotemporal Dementia (Jarrold
et al., 2014; Coppieters et al., 2024).

Recent reviews (de la Fuente Garcia et al., 2020;
Pulido et al., 2020; Petti et al., 2020; Ding et al.,
2024; Cornacchia et al., 2025; Shankar et al.,
2025; Shakeri and Farmanbar, 2025) outlines that,
whereas neuropsychological tests and structured
assessments often affect the naturalness of a sub-
ject’s responses, the analysis of spontaneous spo-
ken language offers an ecological and cost-efficient
way to detect linguistic alterations in potential pa-
tients even within primary care settings.

Considering the cited literature, two main aspects
emerge in addressing the problem:

» Features/DLBs identification: Many studies
focus on defining or proposing a set of linguis-
tic features capable of distinguishing poten-
tially pathological subjects from healthy con-
trols. Some studies manually extract features
from speech or written samples, while others
develop NLP systems to automate this process.
Nearly all works employ statistical significance
tests to identify the most promising linguistic
indicators associated with the pathology.

« Automatic classification: Once relevant fea-
tures are identified, several studies aim to con-
struct automatic systems for pathology detec-
tion. Common machine/deep learning meth-
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ods are employed, achieving varying levels of
performance.

1.2. Past Shared Challenges

“ADReSS/ADReSSo” Challenges targets three dif-
ficult automatic prediction problems of societal
and medical relevance, namely: detection of
Alzheimer’s Dementia, inference of cognitive test-
ing scores, and prediction of cognitive decline
by providing new and richly annotated English
datasets to evaluate automatic systems (Luz et al.,
2021b,a).

The recent “Prediction and Recognition Of Cog-
nitive declinE through Spontaneous Speech” (PRO-
CESS)' Signal Processing Grand Challenge at
ICASSP-2025, proposes signal processing and pre-
diction tasks to detect dementia via speech process-
ing (Tao et al., 2025).

Both challenges introduced new datasets in
which subjects’ speech samples were classified into
two or three classes following clinical judgments.
Participants should apply their systems for classify-
ing each sample/subject into one of the proposed
classes. The best systems participating to these
challenges obtained F1 classification results in the
range from about 70% to 80%.

In general, the very large set of works published
in the last years and devoted to the automatic de-
tection of cognitive decline (see the survey pa-
pers cited before) present similar performance re-
sults: when dealing with the binary classification
of healthy controls w.r.t. AD subjects, performance
often are higher than 90% of correct classification,
while, on the most challenging and definitely most

"https://processchallenge.github.io/



interesting problem of distinguishing MCI subjects
from controls, it drops to around 75/80%.

As previously noted, it is crucial to detect the dis-
ease at its earliest stages, ideally when individuals
present with MCI, or even earlier, when they ex-
perience only subjective and temporary memory
difficulties. To be truly effective, the technologi-
cal approaches described above must be capable
of supporting large-scale screening across broad
segments of the population. Unfortunately, current
state-of-the-art systems do not yet provide suffi-
cient reliability in identifying these early stages of
dementia. In our view, this limitation is due more to
challenges related to cognitive reserve than to the
optimal combination of DLBs or classifier choice.
Moreover, when analysing speech productions via
DLB extraction to characterise individual speech
profiles, subjects’ speaking styles and specific ac-
cents, including those influenced by immigration
from other countries, play a substantial role and can
significantly blur the analysis of speech/language
features.

These factors lead to considerable overlap be-
tween the two or three relevant classes in the fea-
ture space, resulting in unsatisfactory performance
and limiting the applicability of such approaches for
large-scale screening.

2. A Different Perspective

Building on the considerations outlined above, we
argue that achieving the ultimate goal requires a
true paradigm shift, in the Kuhnian sense. The
cognitive reserve of an individual is extremely diffi-
cult to measure, as it is shaped by the entirety of
his/her life experiences. Attempting to aggregate
data from different subjects, even when they are
classified within the same group, whether patho-
logical (MCI/AD) or non-pathological (HC), creates
challenges that machine learning classifiers cannot
easily resolve with sufficient accuracy to enable
large-scale population screening.

We believe a shift in perspective is needed:
rather than designing systems that classify indi-
viduals “synchronically”, at a single point in time,
we should consider a “diachronic approach”, exam-
ining each subject across the course of ageing. An
ideal method would involve recording spontaneous
speech samples at regular intervals, for example
every two years after the age of 50, calculating the
DLBs for each session, and assessing whether the
individual shows signs of cognitive decline by com-
paring his/her current productions with his/her own
past recordings.

This line of inquiry is not entirely new, as a lim-
ited number of studies have attempted to investi-
gate cognitive decline using longitudinal data. For
example, Laguarta and Subirana (2021) acknowl-
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edged the importance of longitudinal analyses and
proposed a complex set of multimodal biomarkers
that could, in principle, support such an approach.
However, they did not present a longitudinal exper-
iment due to the lack of suitable datasets. Petti
et al. (2023) explored a simpler strategy, employing
DLBs derived solely from written language (speech
transcriptions), and demonstrated the promise of
a longitudinal perspective. Gkoumas et al. (2024)
introduced a multimodal longitudinal corpus span-
ning 12 months and conducted a DLB study on it,
though the time span was too limited for significant
changes to be observed. Comparable observations
apply to the studies by Robin et al. (2023); Luz et al.
(2021a), which are highly engaging but limited to
a relatively short duration of 18 or 24 months. In
another study, Petti and Korhonen (2024) created
a novel longitudinal corpus by collecting interviews
of famous individuals from YouTube, applying the
same type of DLB analysis used in Petti et al. (2023).
Despite the simplicity of their approach, the corpus
itself is highly relevant to our objectives and will be
examined in more detail in the following section.
Finally, Chang et al. (2025) conducted an in-depth
study on applying DLBs to track longitudinal trends,
successfully distinguishing different trajectories be-
tween healthy controls and subjects with MCI. The
main limitation, however, was the restricted number
of longitudinal points, with data collected from only
two visits/interviews.

The studies reviewed provide valuable ground-
work for our perspective, highlighting the impor-
tance of longitudinal analyses in detecting cognitive
decline. However, they all lack in adopting a fully
subject-centred approach, which lies at the core of
our proposal.

3. An Experiment to Support our View

To support our perspective, we designed an exper-
iment that, given the nature of the available data,
can only be regarded as a pilot study. The core
of our proposal focuses on collecting subject data
across the ageing process over an extended period
of time, beginning, for instance, from the age of 50
onwards.

Unfortunately, no dataset currently exists that
covers such an extended time span available for
research purposes. There is, however, a notable
exception: Petti and Korhonen (2024) introduced a
longitudinal corpus - LoOSST-AD - spanning a sub-
stantial portion of the subjects’ lifespans, which
would be ideal for our study. They compiled this re-
source by downloading interviews and other record-
ings from YouTube for ten well-known English-
speaking individuals who had passed away from
Alzheimer’s disease, along with a matched set of
healthy controls selected to reflect similar socio-



demographic profiles. However, for ethical reasons,
the authors chose not to distribute the recordings
themselves, making this valuable corpus only par-
tially accessible (they released anonymised tran-
scriptions only).

3.1. The ;CLSD Dataset

Given the absence of an appropriate dataset to test
our research hypothesis, we were compelled to
construct a new linguistic resource, drawing inspi-
ration from the work of Petti and Korhonen (2024).
In the absence of large-scale longitudinal projects
tracking subjects over the last 20-30 years of their
lives, the only feasible approach is to rely on pub-
licly available recordings of well-known individu-
als. Interviews with actors, writers, politicians, and
other public figures represent a valuable source of
material, potentially spanning decades and thus
enabling extensive longitudinal analyses of speech
production across the final stages of life.

We created the “Micro Corpus for the Longitu-
dinal Study of Dementia” - ©CLSD - by selecting
16 subjects, 8 who died from Alzheimer’s disease
(the AD group) and 8 who passed away due to
other causes (the HC group), such as old age or ill-
nesses not directly associated with cognitive impair-
ment?. The sample is gender-balanced, and each
AD subject is paired with an HC counterpart of the
same gender and with a comparable professional
background. Each group was further subdivided
into four subjects speaking British English and four
subjects speaking American English, in order to
evaluate the approach across different varieties of
English.

The selection of subjects was also guided by
the availability of interviews on YouTube covering
a wide time span of their lives, allowing us to rea-
sonably assume that the earliest recordings were
produced during periods unaffected by any cogni-
tive disease.

From a technical perspective, we manually ex-
tracted audio fragments from these interviews,
each lasting between one and one minute fifteen
seconds. The interviewer’s voice and external
noise (e.g., music or applause) were removed to
approximate the conditions of a spontaneous mono-
logue in a quiet environment. All audio files were
then resampled at 16 kHz, 16 bits and reduced to
a single channel.

3.2. Our Pipeline for Extracting DLBs

Natural Language Processing (NLP) techniques
and tools are playing an increasingly vital role in

20f course, in the absence of other clinical information,
the HC group could, in principle, include individuals with
undiagnosed cognitive impairment of some kind.
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the medical field (Wang et al., 2020), supporting a
wide spectrum of applications such as patient care,
diagnostics, clinical coding, and patient-oriented
services (Locke et al., 2021). In particular, there is a
rising interest in leveraging automated speech and
language analysis as a promising early indicator of
pathological processes.

A newly built DLB pipeline (v2.0), based on our
previous work (Gagliardi and Tamburini, 2022), pro-
cesses audio signals to generate DLBs for each
sample. It consists of two phases: preprocessing
and feature extraction.

During the preprocessing phase, the input
speech audio is transcribed relying on OpenAl
Whisper-v3 using the “medium-en” model (Radford
et al., 2023), then voice activity detection (Bredin
et al., 2020), voiced segment identification, vowel-
consonant distinction (Li et al., 2020), dependency
parsing with UDPipe (Kondratyuk and Straka, 2019)
and constituency parsing using STANZA (Qi et al.,
2020) are performed on the input speech or its
automatic transcription.

The feature extraction phase computes DLBs
listed in Table 1 (please, refer to Calza et al. 2021
for a detailed description) using the information ob-
tained during preprocessing. These DLBs can be
categorised into five groups: Acoustic, Rhythmic,
Lexical, LIWC based counts (Pennebaker et al.,
2015), and Syntactic DLBs, which, taken together,
offer a fine-grained representation of the linguis-
tic patterns related to subject cognitive abilities
(Gagliardi and Tamburini, 2022).

Figure 3 depicts the overall structure of our
pipeline. The tool can process three different kinds
of inputs: spoken recordings (as a WAV audio file),
raw written texts (TXT) transcriptions, or prepro-
cessed texts in the CoNLL-U format containing mor-
phosyntactic and syntactic analyses. Given a spe-
cific input type, either a WAV, TXT, or CoNLL file,
the pipeline computes all the DLBs that can be
derived from it. The larger set is obtained by provid-
ing the speech recording, alone or with the manual
transcription (to bypass any mistake produced by
the ASR module).

It is relevant to underscore that, for the exper-
iments presented in this paper, we provide only
the speech audio (WAV) file to the pipeline, thus
any further computation must start from this sin-
gle information and no manual effort is needed
to process interview recordings for feature extrac-
tion. We conducted a series of tests to evaluate the
effectiveness of the OpenAl Whisper-v3 model in
transcribing English utterances, using data from the
PROCESS Challenge as a benchmark (see Section
1.2). The model achieved a Word Error Rate (WER)
of 8.7%, which appears satisfactory given that the
speech is spontaneous and may include patholog-
ical traits. Our analysis showed that the primary



Acoustic DLBs (SPE)

Silence segments duration (M, MD, SD)
Speech segments duration (M, MD, SD)
Temporal regularity of voiced segments
Verbal Rate

Transformed Phonation Rate
Standardised Phonation Time
Standardised Pause Rate

Root Mean Square energy (M, SD)
Pitch (M, SD)

Spectral Centroid (M, SD)

Higuchi Fractal Dimension (M, SD)

Rhythmic DLBs (RHY)

Percentage of vocalic intervals - %V
SD of vocalic, AV, and cons., AC, interval durations
Pairwise Variability Index, raw, rPVI, and norm., nPVI
Variation coefficient for AV and AC

Lexical DLBs (LEX)

Content Density

Part-of-Speech rate

Reference Rate to Reality

Personal, Spatial and Temporal Deixis rate

Relative pronouns and negative adverbs rate

Lexical Richness: TTR, Brunet’s and Honoré’s Indexes
Action Verbs rate

Frequency-of-use tagging

Propositional Idea Density

Mean Number of words in utterances

Linguistic Inquiry and Word Count DLBs (LWC)

Language Metrics (e.g., words per sentence
Function Words (e.g., pronouns, articles, ...)

Affect Words (e.g., positive/negative emotion)
Cognitive Processes (e.g., insight, certainty, ...)
Perceptual processes (e.g., seeing, hearing, feeling)
Biological processes (e.g., body, health/illness, ...)
Personal concerns (e.g., work, leisure, money, ...)
Social Words (e.g., family, friends)

Punctuation (e.g., periods, commas, colons, ...)

Syntactic DLBs (SYN)

Number of dependent elements of the nouns (M, SD)
Global Dependency Distance (M, SD)

Syntactic complexity

Syntactic embeddedness: maximum tree depth (M, SD)
Utterance length (M, SD)

Table 1: The list of Digital Linguistic Biomarkers ex-
tracted by the pipeline. Some of these features are
computed as means (M), medians (MD), and stan-
dard deviations (SD). Please refer to Calza et al.
(2021) for extended descriptions and computation
details.

source of errors stems from the hyper-normalization
tendency of ASR systems, which often remove or
correct disfluencies, restarts, and repeated words
to produce cleaner transcriptions. While this could
pose a significant issue if disfluency counts were
used as input features, we deliberately chose not
to rely on such information. As a result, our system
is only minimally affected by this limitation.
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Figure 3: The whole structure of the Pipeline. In-
puts can be provided as WAV, raw text, or CoNLL
files. The modules are described in detail in Calza
et al. (2021) and Gagliardi and Tamburini (2022).
In the experiments presented in this paper, we use
only the audio WAV signal; all computations re-
quired to extract DLBs are carried out automatically.

3.3. Feature Processing & Selection

The Explainable Boosting Classifier (EBC)® (Lou
et al., 2012) is an interpretable machine learning
model from the family of Generalised Additive Mod-
els (GAMs). It combines the predictive power of
boosting with the transparency of GAMs. Instead of
learning a single complex function, it learns feature
shape functions (one per feature, plus interactions,
if allowed), which describe how each feature con-
tributes to the prediction.

For feature ranking, the EBC provides global “im-
portance scores” by measuring how much each fea-
ture contributes to the model’s predictions across
the dataset. This is typically done by (a) evaluat-
ing the magnitude of each feature’s shape function
(larger deviations indicate stronger impact) and (b)
comparing across features to rank them by influ-
ence on the target outcome. This makes EBC es-
pecially useful in domains where both accuracy and
interpretability matter, since it produces rankings
along with human-readable explanations of how
features affect predictions.

To determine the most relevant features for this
task, we relied on the dataset provided for the PRO-
CESS Challenge. The pipeline system described
in the previous section took part in the competition
and achieved strong performance, ranking first in
the three-way classification of HC vs. MCl vs. AD
(Zhang et al., 2025). Using the training and valida-
tion sets provided by this challenge, we carried out
the following steps:

Shttps://interpret.ml



+ extracted all DLBs listed in Table 1 using our
software pipeline;

» normalised each feature using z-scores;

+ applied the previously described EBC algo-
rithm, retaining only DLBs with an importance
score > 0.01, resulting in the selection of 109
out of 126 features.

3.4. Drawing Cognitive Decline Profiles

Novelty detection with Local Outlier Factor (LOF)
is a technique used to identify new data points that
differ from the training distribution.

The LOF algorithm (Breunig et al., 2000) mea-
sures the local density deviation of a data point com-
pared to its neighbours. The key idea is: points in
dense regions are considered normal, while points
in sparse regions, especially if their density is much
lower than that of their neighbours, are considered
novelties or outliers. For novelty detection (as op-
posed to outlier detection in training data), LOF is
trained on “normal” examples only. New incom-
ing samples are then scored: a score close to 1
means “normal”, while larger scores indicate poten-
tial novelties/anomalies. This makes LOF useful in
applications like fraud detection, fault monitoring,
or detecting rare events in streaming data.

A short mathematical introduction for LOF in nov-
elty detection could be described as:

+ k-distance and neighbors. For each point
z, find its k& nearest neighbours N (z) using
distance d(z, y). The k-distance is the distance
to the k*" nearest neighbour.

Reachability distance. For a point x and a
neighbour y, the reachability distance is de-
fined as:

reach-dist; (z, y) = max (d(z, y), k-distance(y)).

Local reachability density (LRD). The local
reachability density of z is the inverse of the av-
erage reachability distance to its neighbours:

[Nk (@)

Irdy(z) = ZyeNm) reach-disty (x,y)

LOF score. The Local Outlier Factor com-
pares the density of = with that of its neighbors:

Z Ird(v)

e Nr (2) |rdk(l‘)

1
[Nk ()]

LOF,(z) =

LOF(x) can be easily interpreted as:

* LOF.(x) = 1: = has similar density to neigh-
bors = z is in line with the training set (normal
condition).
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* LOF(z) > 1: 2 has much lower density = x is
an outlier or is different from points in the train-
ing set (novelty, thus a potentially pathologic
condition).

We employed a LOF-based novelty detection ap-
proach to visualise the temporal evolution of sub-
jects’ cognitive abilities. Features were first nor-
malised using z-scores, and the resulting values
were then smoothed by computing a weighted mov-
ing average with a window of three samples, where
weights reflected the temporal distance between
sample pairs, to reduce the influence of transient
spikes on neighbourhood contributions.

For each subject, the first four recordings were
used as the training set for the LOF algorithm* as-
suming that these early samples represent speech
unaffected by disease and thus serve as a refer-
ence for that individual. Subsequent recordings
from the same subject were then compared against
this reference LOF model, producing a score that
reflects the degree of deviation from the reference.
These scores were arranged to generate plots de-
picting each subject’s cognitive functions trajectory
over time in a way similar to Figure 1.

4. Results and Discussion

Figure 4 presents the computed cognitive function
profiles. Comparing the first eight profiles of sub-
jects diagnosed with AD to the eight profiles of
healthy controls (HC) reveals notable differences:
cognitive function profiles of AD subjects show sig-
nificant deviations from the reference samples (the
first four points in each profile) well before the corre-
sponding markers of the official diagnosis. In con-
trast, the profiles of HC subjects remain stable until
very advanced ages, reflecting the typical pattern
of cognitive decline associated with normal ageing.
The extracted DLBs and our proposed method for
tracing their evolution over time appear to be sensi-
tive to the differing cognitive trajectories of the two
subject groups, allowing for precise detection of
subtle speech variations linked to cognitive decline.

Our approach departs fundamentally from previ-
ous studies in the literature: rather than applying a
classification process to determine a subject’s cog-
nitive status at a specific point in time comparing
its DLBs with other subjects, we generate a contin-
uous cognitive function profile that evolves across
the ageing process considering only the DLBs of a
single subject across time. This allows us to simu-
late an individual’s cognitive trajectory and identify

“We relied on the Scikit-Learn LOF module.
(https://scikit-learn.org/stable/auto_
examples/neighbors/plot_lof_novelty_
detection.html).
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Figure 4: Evolution of cognitive functions over time for the sixteen subjects forming the ©CLSD corpus.
On top of each picture crosses mark the age of death, while triangles the year of first diagnosis for AD
subjects. The top picture presents the profiles for the AD subjects (marked with ‘ad’ before name initials)
while the bottom picture for HC (marked with ‘cn’). Flags contained into the legenda indicate the English

varieties spoken by the corresponding subjects.

significant deviations from his/her personal refer-
ence baseline, thereby detecting alterations relative
to his/her normal cognitive status.

We do not envision this method being applied
within specialised clinical practice. Instead, we pro-
pose it as a pilot approach to help define protocols
for large-scale screening of ageing populations,
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aimed at detecting the earliest signs of cognitive
decline. In this framework, general practitioners
could use the method as a simple first-level tool
and, when needed, refer individuals for specialist-
administered neuropsychological assessments. In-
deed, observed changes in a subject’s cognitive
profile do not necessarily indicate a true impair-



ment; rather, they may simply highlight a condition
that warrants further evaluation by an expert to
clarify the nature of these variations in cognitive
functioning.

We do not claim that the proposed method can
reliably screen entire populations or accurately dis-
tinguish individuals with cognitive impairment from
healthy subjects. Rather, its purpose could be to
support general practitioners in identifying potential
concerns and referring these individuals to more
specific and reliable assessments. In the absence
of widely applicable large-scale screening tools,
this approach could represent a practical solution,
enabling general practitioners to serve as an initial
filter for detecting individuals who may be at risk of
cognitive impairment, even before any symptoms
become apparent. For example, the method may
capture within-person changes in speech, such as
those related to general health variations or voice
alterations due to other conditions, rather than pat-
terns specifically associated with Alzheimer’s dis-
ease. However, a general practitioner, being famil-
iar with the individual’s overall health status, may
judge these signals as non-relevant and decide not
to refer the person for further evaluation.

In the near future, we plan to evaluate whether
the cognitive profile extraction method described in
this paper remains an effective detection tool across
different varieties of English (e.g. Australian En-
glish) and for other typologically distinct languages.

5. Limitations and Ethical
Considerations

This pilot study is primarily intended to support the
paradigm shift we propose for the early identifica-
tion of cognitive decline. While the nCSLD dataset
we collected is too limited in size and restricted
to a single language to allow for broad generali-
sation, we contend that our approach provides a
solid basis for devising new large-scale population
screening methods based on DLBs, thereby ad-
dressing the limitations of the classification-based
methods currently prevalent in the literature, and
it favours the development of methods based on
longitudinal analyses.

Regarding the corpus, subjects’ data were
anonymised in this paper but not in the dataset, as
all recordings were obtained from publicly acces-
sible sources on the Internet, primarily Wikipedia
and YouTube. While voices may be recognisable
and interview topics could potentially reveal identity,
making full anonymisation of the dataset impossi-
ble, we believe that sharing such data is crucial
to enable further research in this direction. Unfor-
tunately, given that we selected dead subjects, it
was not possible to collect any kind of consent from
them.
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For these reasons, the dataset will be available
only upon request. It will include the audio record-
ings of the interviews, along with all references to
the original sources (primarily URLs), and a clear
listing of the subjects’ names.
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Abstract
Language sample analysis (LSA) is a process that complements standardized psychometric tests for diagnosing,
for example, developmental language disorder (DLD) in children. However, its labour-intensive nature has
limited its use in speech-language pathology practice. We introduce an approach that leverages natural
language processing (NLP) methods that do not rely on commercial large language models (LLMs) applied
to transcribed speech data from 119 children in the German-speaking part of Switzerland with typical and
atypical language development. This preliminary study aims to identify optimal practices that support speech-
language pathologists in diagnosing DLD more efficiently with active involvement of human specialists. Preliminary
findings underscore the potential of integrating locally deployed NLP methods into the process of semi-automatic LSA.

Keywords: language sample analysis, developmental language disorder, automatic speech recognition.

1. Introduction Transcription  Variant WER CER MER WIL
Original Swiss German 81.0 80.0 499 9438
Swiss Std. German  48.7 478 36.1 59.5

Developmental language disorder (DLD) is a neu- P ev— 3 57 56 38
rodevelopmental condition, commonly diagnosed Normalized g lhlcii German 456 448 352 547
in children, that significantly affects an individual’s
ability to acquire and use spoken and written lan-  Table 1: Average ASR results on Whisper transcrip-
guage, despite typically developed intelligence and tions for original and normalized text.
no obvious sensory or neurological impairments
or inadequate language exposure (Tomblin et al.,
1996; Bishop, 2006; Liike et al., 2023; van Wijn- ASR and part-of-speech (POS) tagging on data
gaarden et al., 2024). collected from 110 children living in Switzerland.
As a recommended part of DLD diagnosis, lan-  These NLP methods are the foundation on which
guage sample analysis (LSA) aims at evaluating  analyses of the speech and language samples,
the spontaneous’ language production skills of chil-  such as measurements for lexical density and di-
dren (Gallagher and Hoover, 2020; Ramos, 2024).  versity and many others, are based on. To ensure
It involves collecting and analysing samples of lan-  the quality and reliability of these analyses, it is
guage during conversation, storytelling, play, or  crucial to have trustworthy NLP methods with no
other activities. LSA provides detailed information ~ commercial LLMs involved, as described in this
about a person’s linguistic abilities, including vocab-  study.
ulary, grammar, sentence structure, and pragmatic With data collected from 119 children living in
language use. These insights can then be used in ~ Switzerland, we present a case study demon-
diagnostics, setting therapeutic goals and monitor-  strating that NLP approaches that do not rely on
ing progress. commercial LLMs can effectively assist speech-
Despite being an effective tool for practice, LSA  language pathologists in identifying critical linguis-
is not often used by speech-language pathologists  tic patterns essential for LSA. Results from anal-
due to its time- and effort-intensive process (Klatte  yses of Swiss German and Swiss Standard Ger-
et al., 2022; Bawayan et al., 2022). Modern NLP ~ man speech transcriptions highlight the potential of
methods and machine learning can help to alleviate ~ automating LSA. To achieve the high quality perfor-
some of these challenges with their time efficient =~ mance needed in a clinical setting, our results also
approaches to big amounts of data show the need for specific training and fine-tuning.
In this study, we evaluate the zero-shot capa- Our main contributions are three-fold: 1) We
bility of non-commercial NLP methods, namely =~ demonstrate a possible annotation process in semi-
automated LSA for the elicitation of clinical linguis-
*Corresponding author. ¥ Dataset on SWISSUBase tic features of DLD in Swiss German; 2) We release
'We acknowledge that elicited language is never com-  the first case study dataset in Swiss German and
pletely “spontaneous”; nevertheless, the term iscommon ~ Swiss Standard German containing six speech
in connection with LSA. transcriptions together with their annotations; 3)
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Figure 1: Our pipeline of LSA with NLP-supported approaches for diagnosis of DLD. (a) Spontaneous
speech recording: a speech-language pathologist interacts with the child in a naturalistic setting and
both of their speeches are recorded; (b) Speech-to-text transcription: the recordings are (automatically)
converted into text and post-corrected by the speech-language pathologist and further (automatically)
tokenized to words; (c) DLD feature profiling and measuring: approaches such as POS tagging,
dependency parsing, stemming and lemmatization, etc., are applied to create the DLD feature profiles,
where various linguistic measures are computed to evaluate the language abilities of children. The final
diagnostic decision is made by the human expert (i.e., the speech-language pathologist), taking into
account the output of the pipeline as well as other criteria. The speech utterances demonstrated are in

Swiss German.

We provide an assessment of the effectiveness of
NLP methods not based on commercial LLMs for
LSA on both Swiss German and Swiss Standard
German.

2. Related Work
2.1.

Transcribing children’s speech into text is a critical
first step in LSA. However, advanced end-to-end
approaches, such as ASR, still face substantial
challenges due to the high inter- and intra-speaker
variability in pronunciation, vocabulary, and speech
rate among children across different ages as well
as higher fundamental frequencies in children
(Potamianos et al., 1997; Bhardwaj et al., 2022).
Smith et al. (2017) trained a deep neural network
on out-of-domain adult speech data, which was
subsequently fine-tuned using speech data from
children with DLD. Similarly, Rumberg et al. (2021)
proposed a framework for age-invariant training,
leveraging age-independent patterns derived from
both adult and child speech. Jain et al. (2023) stud-
ied the adaption of the Whisper model (Radford
et al., 2023) to child speech via self-supervised
fine-tuning. Pokel et al. (2025) introduced a novel
algorithm for ASR tailored to dysarthric German
speech, which restructures word-level utterances
into sentence-level sequences. This approach
demonstrates promising results in improving the
accessibility of speech transcriptions.

These approaches, often leveraging the power
of transfer learning by utilizing adult speech data,
have shown effectiveness in increasing perfor-
mance on children’s speech data. However, the
fundamental lack of data collected from children

Speech Transcription

56

with DLD still limits the applicability of ASR in LSA.
In recent years, ASR systems for low-resource
languages, such as Swiss German, have been de-
veloped (Kew et al., 2020; Nigmatulina et al., 2020;
Arabskyy et al., 2021; Schraner et al., 2022; Tim-
mel et al., 2024), supported by the availability of
corpora of Swiss German speech data (Pluss et al.,
2020; Dogan-Schoénberger et al., 2021; Pliss et al.,
2022, 2023; Stucki et al., 2025). However, due to li-
censing limitations, these models are not currently
available and thus the ability of Swiss German
models to generalize to speech data of children
with DLD remains largely unexplored. Addition-
ally, finetuning of commercial models running on
commercial computation services with children’s
speech data is heavily restricted due to legal and
ethical considerations and limitations. (Liu et al.,
2024). As Whisper models perform well on Swiss
German in a zero-shot setting (Dolev et al., 2024)
and their availability, a Whisper model was used
for this research for speech transcription.

2.2. Feature Analysis

Initial efforts to develop semi-automated LSA ap-
proaches have emerged in the past years, with a
primary focus on English speech data. Gabani et al.
(2011) analysed speech data collected from mono-
lingual English-speaking children and proposed
NLP methods to predict the presence of DLD. The
study utilized eight categories of linguistic features
(later expanded by Hassanali et al. (2012) to in-
clude syntactic and semantic features) to train
language models as predictors, which provided
important aspects for future research. Solorio
(2013) provided a concise summary of the types
of NLP-features employed in LSA for the diagno-



sis of DLD and highlighted questions for future
research. Lidtke et al. (2023) described the ideal
hypothetical system capable of recording sponta-
neous speech of children while effectively sepa-
rating background noise and speech from non-
target individuals. This system can transcribe and
segment recorded speech, offering a wide range
of measurements, including environmental factors
of recording, DLD profiles, and detailed analyses
across various linguistic structures and elements.

These studies have laid the groundwork for ad-
vancing semi-automated LSA approaches, high-
lighting key linguistic features, methodological con-
siderations, and future directions for improving
DLD diagnosis. However, none of these works
investigated LSA for children’s speech in Swiss
German.

DLD features can manifest in all linguistic cat-
egories. At the moment we are focusing on the
grammatical level, which can be analysed based
on transcripts of speech. As part of future research,
phonetic and phonological features could also be
analysed directly on the speech recordings.

In this work, we show that it is possible to per-
form LSA using NLP methods that are not based
on commercial LLMs and are both ethical and ef-
fective. While we acknowledge LLMs are likely to
dominate in LSA, we argue that other NLP methods
still deliver good results without causing potential
ethical issues.

3. Data

The dataset is scheduled to be published on SWIS-
SUbase (DOI: https://doi.org/10.48656/
rgf2-sqgq76) and will be released in the near fu-
ture for public access.

3.1.

Speech data collected from children are highly sen-
sitive and require careful handling. In compliance
with the regulations of the responsible research
committee, we obtained the necessary ethical ap-
proval to collect speech utterances, accompanied
by signed consent forms from the children’s par-
ents.? Speech utterances were recorded in both
therapeutic and naturalistic settings (i.e., kinder-
garten), capturing spontaneous interactions be-
tween one therapist and one child. To ensure pri-
vacy, the data were stored in an anonymized for-
mat, with no metadata linked to identifiable codes.

We collected speech samples of duration be-
tween 10 and 20 minutes from 119 children with
typical and atypical Swiss German and Swiss Stan-
dard German speech and 25 speech-language

Data Collection

2For further details, please refer to the Ethics State-
ment section.
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Swiss German Swiss Std. German

# recordings 91 19
# hours 17:57 3:35
# utterances 16,553 3,014
# words 126,733 21,356

Table 2: Statistics of the collected data. The table
summarizes the total duration of recordings, the
number of utterances and individual words for both
speakers.

pathologists. Of these, we obtained permission to
publish the data of 41 recordings. Although the
dataset is relatively small, our objective is to initiate
research into the application of semi-automated
LSA for Swiss German speech utterances based
on this dataset. The recordings were made with
phones in standard quality and stored as mp3-files.

3.2. Data Statistics

Table 2 presents the overall statistics of the col-
lected speech data. Speech recordings were ob-
tained in both Swiss German and Swiss Standard
German. The ages of the children range from four
to eight, encompassing an important phase in the
assessment of and intervention for DLD (Sansavini
et al., 2021). The speech data were transcribed by
students of speech and language therapy and sub-
sequently verified by professionals native in both
Swiss German and Swiss Standard German.

We engaged with children living across Switzer-
land. Therefore, the collected recordings are com-
posed of different Swiss German dialects such
as “Zuriddtdtsch” (dialect spoken in the Canton of
Zurich) and “Baseldtilitsch” (dialect spoken in the
Canton of Basel).

4. Methods

Starting from the collected recordings of sponta-
neous speech of Swiss children, we showcase
our data processing methods specifically used for
semi-automated LSA.

4.1. Speech Transcription

The first task is to transcribe speech into text based
on the raw audio recordings. To do this, we apply
two approaches:

Manual transcription by human experts. We
recruited 13 students majoring in speech and lan-
guage therapy, who had received training in the
transcription method used for this study. For the
transcriptions we use an adapted form of the
Dieth-Schreibung (Dieth spelling) (Dieth, 1986)
with added annotation of features important for



language and speech pathology, such as anno-
tation of stress, unintelligible sequences, pauses,
mazes, and overlaps in turn taking. Each transcript
was created by one student and checked by an-
other. The manual transcriptions served as the
ground-truth reference for our study. See Table 20
in Appendix E for dataset examples. Additionally,
the authors normalized the transcript manually to
compare the influence on non-standard orthog-
raphy and an assimilation to Standard German.
Where possible, orthographically correct versions
of words were used while keeping the word order
intact.

Transcription using ASR models. We deployed
a Whisper model (Radford et al. (2023), Hugging
Face checkpoint openai/whisper-small?®) lo-
cally to transcribe speech recordings into spoken
sentences. This lightweight Whisper model, with
244 million parameters, was selected for its ease
of deployment on local computers to prevent data
leakage and its multilingual transcription capabili-
ties and before the data was collected.

Automatically transcribing the speech samples
used in this study posed three challenges: (1) Most
large ASR systems are not trained with Swiss Ger-
man data; (2) Most ASR systems underperform
in transcribing speech from children (Bhardwaj
et al., 2022); (3) The speech transcribed contains
non-standard, atypical or wrong grammar due to
the atypical language development of the children.
Combining these three difficulties is challenging, re-
questing highly specifically trained models to solve
the task reliably.

Manual transcription of spontaneous speech de-
mands substantial knowledge and expertise in LSA
and considerable time investment. Therefore, we
aimed to evaluate the performance of the state-of-
the-art Whisper model on the speech transcription
task, given its potential to significantly reduce the
workload of speech-language pathologists in prac-
tice.

4.2. Part-of-speech (POS) Tagging

Since POS tagging delivers information for certain
linguistic features used for the feature analysis as
described in Section 2.2, and thus helps in identi-
fying morphosyntactic errors in language samples,
our second task is to perform POS tagging for tran-
scriptions in Swiss German and Swiss Standard
German. For an overview over both POS tag sets
used in this work, see Table 3.

For Swiss German transcriptions, we ap-
plied two BERT-based models (Aepli and Sen-
nrich, 2022), trained with two different POS tag

3Model available at https://huggingface.co/
openai/whisper-small
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UPOS Tags Feature UPOS Tags Feature
ADJ adjective ADP adposition
ADV adverb AUX auxiliary
CCONJ co. conjunction DET determiner
INTJ interjection NOUN noun
NUM numeral PART particle
PRON pronoun PROPN proper noun
PUNCT punctuation SCONJ sub. conjunction
SYM symbol VERB verb

X other

STTS Tags Feature

ADJA Attributive adjectives

ADJD Predicative or adverbial adjectives

APPO Postpositions

APPR Prepositions

APPRART  Prepositions with an article

APZR Circumpositions (right part)

ADV True adverbs

ART Definite/indefinite articles

CARD Cardinal numbers

KOKOM Comparative particles

KON Coordinating conjunctions

KOul Subordinating conjunctions with infinitive
KOUS Subordinating conjunctions with clauses
ITJ Interjections

NE Proper nouns

NN Common nouns

PTKA Particles with adjectives or adverbs
PTKANT Response particles

PTKNEG Negation particles

PTKVZ Separable verb prefixes

PTKZU “zu” before infinitives

PAV Pronominal adverbs

PDAT Attributive demonstrative pronouns

PDS Substituting demonstrative pronouns
PIAT Attributive indefinite pronouns without determiners
PIDAT Attributive indefinite pronouns with determiners
PIS Substituting indefinite pronouns

PPER Non-reflexive personal pronouns
PPOSAT Attributive possessive pronouns

PPOSS Substituting possessive pronouns

PRF Reflexive personal pronouns

PRELAT Attributive relative pronouns

PRELS Substituting relative pronouns

PWAT Attributive interrogative pronouns

PWAV Adverbial interrogative pronouns

PWS Substituting interrogative pronouns
TRUNC Truncation

FM Foreign language material

XY Non-words

VAFIN Auxiliary finite verbs

VMFIN Modal finite verbs

VVFIN Full finite verbs

VAIMP Aucxiliary imperative verbs

VVIMP Full imperative verbs

VAINF Auxiliary infinitives

VMINF Modal infinitives (substitute infinitive)
VVINF Full infinitives

VVvizu Infinitives with “zu”

VAPP Aucxiliary past participles

VMPP Modal past participles

VVPP Non-inflected full past participles

Table 3: Overview of two POS tagging systems
for German, UPQOS (top) and STTS (bottom). The
core difference is that STTS contains the level of
detail required for LSA.

sets: 1) swiss_german_pos_model, trained
with the Universal POS tags (UPOS?*), and 2)

*https://universaldependencies.org/u/
pos/



swiss_german_stts_pos_model, trained with
the Stuttgart-Tlbingen-Tagset (STTS®). Both mod-
els were deployed locally to adhere to the data
privacy rules.

For Swiss Standard German transcriptions, we
tested the statistical model de_core_news_sm
provided by spacy® as a supplement to the BERT-
based models.

The models were chosen due to their availability
before the data was collected.

Inter-annotator Agreement We recruited three
native Swiss German speakers and three speakers
with profound knowledge of Swiss Standard Ger-
man with strong background in computational lin-
guistics to annotate the gold-standard UPOS and
STTS tags for sentences in the manual speech
transcriptions. These annotations serve as ground
truth for evaluating the performance of the three
models discussed in Section 4.2. Prior to initiat-
ing the annotation process, we conducted training
sessions with all annotators, during which the task
instructions were explained in detail. We attached
the instruction sheet in Appendix A for reference.

Swiss German Swiss Std. German

A&B 0.804 0.861
B&C 0.850 0.844
A&C 0.802 0.900
(a) IAA for UPOS tagging.
Swiss German Swiss Std. German
A&B 0.910 0.926
B&C 0.939 0.921
A&C 0.926 0.945

(b) IAA for STTS tagging.

Table 4: Pairwise linearly weighted Cohen’s Kappa
(Cohen, 1968) among three human annotators who
are native Swiss German speakers for UPOS and
STTS tagging on Swiss German (100 sentences)
and Swiss Standard (Std.) German (80 sentences)
transcriptions.

4.3. Morphological Features

German is a morphologically rich language that
utilizes all 17 UPOS tags. For instances where
a single POS tag is insufficient to capture lexical
distinctions — such as the straightforward example
of nouns in German, which can exhibit three differ-
ent genders: masculine, feminine, and neutral—,

SMore details available at https://homepage.
ruhr-uni-bochum.de/stephen.berman/
Korpuslinguistik/Tagsets—STTS.html

bhttps://spacy.io/models/de, MIT licence
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Key Value

Case Acc, Nom, Gen, Dat
Number Sing, Plur

Gender Fem, Masc, Neut
Person 1,2,3

PronType Art, Dem, Ind, Int, Prs, Rel
Mood Ind, Sub, Imp
Tense Past, Pres
VerbForm  Fin, Inf, Part
Definite Def, Ind

Degree Cmp, Pos, Sup
Foreign Yes

Poss Yes

Reflex Yes

Table 5: Values for morphological categories. No-
tice that morphological categories rely on the
spaCy model de_core_news_sm and are there-
fore language- and model-dependent.

features that describe these linguistic differences
become essential.

To broaden the scope of our study, we annotated
the morphology of language samples by assigning
specific values to identified linguistic features (i.e.,
keys in our annotations). Table 5 provides a sum-
mary of the morphological values associated with
these keys. Additionally, Table 6 outlines the map-
pings between POS tags and linguistic features,
presented as key-value pairs.

The automatic prediction of morphological key-
value features can be achieved using traditional sta-
tistical models (Can, 2011; Silfverberg and Lindén,
2011) or deep learning approaches (Tkachenko
and Sirts, 2018; Bohnet et al., 2018; Klemen et al.,
2023), both of which require a substantial amount
of Swiss German language samples. However,
deep learning approaches require a large amount
of training data, which is currently absent in the
Swiss LSA research.

To address this requirement, we are working on
collecting additional language samples to support
the training of these models. A comprehensive
investigation of morphology prediction, however, is
beyond the scope of this study and will be compre-
hensively addressed in future work.

5. Results

5.1.

In Figure 2, we visualize the error rates of the
Whisper-based ASR model transcribing the spon-
taneous speech recordings between one therapist
and one child (Table 1). We report Word Error Rate
(WER), Character Error Rate (CER), Match Error
Rate (MER), and Word Information Lost (WIL) of
Swiss German and Swiss Standard German tran-

ASR Transcriptions



Tag

Key-Value Features

: ‘Acc’, ‘Degree’: ‘Pos’, ‘Gender’: ‘Fem’, ‘Number’: ‘Plur’}

: ‘Dat’, ‘Gender’: ‘Neut’, ‘Number’: ‘Sing’}

‘Nom’, ‘Definite’: ‘Def’, ‘Gender’: ‘Neut’, ‘Number’: ‘Sing’, ‘PronType’: ‘Art’}
‘Acc’, ‘Gender’: ‘Masc’, ‘Number’: ‘Sing’}

‘Nom’, ‘Number’: ‘Plur’, ‘PronType’: ‘Dem’}

1 ‘Nom’, ‘Gender’: ‘Fem’, ‘Number’: ‘Sing’, ‘PronType’: ‘Dem’}

‘Nom’, ‘Gender’: ‘Fem’, ‘Number’: ‘Sing’, ‘PronType’: ‘Ind’}

‘Nom’, ‘Number’: ‘Sing’, ‘Person’: ‘3’, ‘PronType’: ‘Prs’}

‘Nom’, ‘Gender’: ‘Neut’, ‘Number’: ‘Sing’, ‘Person’: ‘3’, ‘PronType’: ‘Prs’}
‘Acc’, ‘Gender’: ‘Fem’, ‘Number’: ‘Sing’, ‘Poss’: ‘Yes’, ‘PronType’: ‘Prs’}
‘Nom’, ‘Gender’: ‘Masc’, ‘Number’: ‘Sing’, ‘Poss’: ‘Yes’, ‘PronType’: ‘Prs’}
‘Acc’, ‘Number’: ‘Sing’, ‘Person’: ‘3’, ‘PronType’: ‘Prs’, ‘Reflex’: ‘Yes'}
‘Acc’, ‘Gender’: ‘Neut’, ‘Number’: ‘Sing’, ‘PronType’: ‘Rel’}

: ‘Nom’, ‘Gender’: ‘Masc’, ‘Number’: ‘Sing’, ‘PronType’: ‘Int’}

ADJA {‘Case’

ADJD {‘Degree’: ‘Pos’}
APPRART {‘Case’

ART {‘Case’

NN/NE {‘Case’
PDS/PDAT (plural) {‘Case’:
PDS/PDAT (singular) {‘Case’

PIS {‘Gender’: ‘Neut’, ‘PronType’: ‘Ind’}
PIAT {‘Case’:

PPER (other) {‘Case™

PPER (singular) {‘Case’:

PPOSAT {‘Case’

PPOSS {‘Case’

PRF {‘Case’:
PRELS/PRELAT {‘Case’:

PWS {‘Case’

PWAV {‘PronType’: ‘Int’}
VERB

VERB IMP {'Number’: ‘Sing’}
VERB INF {'VerbForm’: ‘Inf’}
VVPP {"VerbForm’: ‘Part’}

{'Mood’: ‘Ind’, ‘Number’: ‘Sing’, ‘Person’: ‘3’, ‘Tense’: ‘Pres’, ‘VerbForm’: ‘Fin’}

Table 6: Morphological features for STTS tags (based on spaCy), sorted alphabetically. The UPOS tags
are converted to STTS tags using a conversion look-up table.
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Figure 2: Average ASR results on Whisper transcriptions with standard deviations.

scriptions.” The WER for Swiss German is 81%,
and 48.7% for Standard German. After normaliz-
ing the transcripts, the WER is 57.2% for Swiss
German and for Standard German 45.6%

5.2. Inter-annotator Agreement on

Human Labelling of POS Tags

Inter-annotator agreement (IAA) scores were cal-
culated based on 100 sentences for Swiss German
and 80 sentences for Swiss Standard German, as

"We use the JiWER Python package for all error rate
calculations, Apache-2.0 license.
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one annotator for Swiss Standard German was un-
able to complete annotations for all 100 sentences.
These sentences were randomly sampled from the
corresponding transcriptions.

Overall, we achieved high IAA scores for both
UPOS tagging (above 0.8) and STTS tagging
(above 0.9), as measured using linearly weighted
Cohen’s Kappa (Cohen, 1968). The detailed
scores are presented in Table 4.

5.3. Automatic POS Tagging

In Figure 3, we present the POS tagging perfor-
mance of the BERT-based models and the spacCy
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Figure 3: POS tagging results with BERT-based POS tagging model and spaCy model, measured on all
transcription data for Swiss German and Swiss Standard German.

model, evaluated on the complete transcription
datasets for both Swiss German and Swiss Stan-
dard German. All models achieved F1 scores
above 70, with significantly higher results observed
on normalized transcriptions (above or nearly 80)
compared to original transcriptions.

6. Discussion

6.1. Challenges of Manual and Automatic

LSA

LSA poses many challenges despite being a gold
standard tool in speech therapy (Klatte et al., 2022;
Bawayan et al., 2022), which have to be taken into
account in the manual use as well as in the de-
velopment of a semi-automatic pipeline for LSA.
Factoring them in from the first steps of develop-
ment as well as searching for solutions is part of
ongoing and future research.

Data collection. Speech and language samples
of children are typically recorded in naturalistic en-
vironments, such as in free conversations, which in-
clude both relevant speech and background noise
like TV soundtracks (Ludtke et al., 2023), or, in
our case, noise of other children playing and street
noise in the background. Extracting meaningful
speech utterances and transcribing them into text
units which speech-language pathologists can di-
rectly work with, is often a challenging task.

Manual annotation. Linguistic features such as
errors on the levels of syntax, morphology, se-
mantics, or phonology are often manually anno-
tated and analysed by speech-language patholo-
gists, which due to its time-intensive nature makes
the use in therapeutic assessment less common
(Owens Jr et al., 2018).
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Generalization difficulty. Language error pat-
terns (such as wrong word order) vary from one
child to another and from dialect to dialect, which
limits the generalizability of LSA methods.

Use of LLMs In recent years, large language
models (LLMs) have undergone significant ad-
vancements. However, querying commercial LLMs
such as ChatGPT with research data, including lan-
guage samples from children, is not compliant with
Swiss data protection regulations. Furthermore,
the use of commercial LLMs for language sample
analysis (LSA) is neither ethical nor practical due
to the highly sensitive nature of children’s speech
transcriptions and the risk of data contamination.
As a result, progress in automating LSA for the di-
agnosis of developmental language disorder (DLD)
remains limited and understudied.

Swiss German The linguistic landscape of
Switzerland presents unique challenges for ap-
plying NLP methods (Parida et al., 2020). The
prevalence of Swiss German dialects, which dif-
fer significantly from Standard German in their lin-
guistic structure, complicates real-world NLP prac-
tice. Automatic speech recognition (ASR) on Swiss
German typically produces Standard German tran-
scriptions, thereby omitting or distorting important
dialectal information or not being able to represent
Swiss German faithfully, for example sentences
such as “Ich gang go poste.” (I'm going shopping.)
can be translated into “Ich gehe einkaufen.”, los-
ing the “go”, which does not exist in German but
is essential in Swiss German. Models trained on
written Standard German typically perform poorly
on Swiss German due to the lack of a standard-
ized written form (Kew et al., 2020; Nigmatulina
et al., 2020). Despite this, written Swiss German
is increasingly used in digital communication, such
as social media and online messaging, where in-
dividual writing styles introduce further variation



(Hollenstein and Aepli, 2014). In educational set-
tings, children use Swiss Standard German. Swiss
Standard German is a variety of Standard German
but still contains words (“helvetisms”) and grammar
rules that render it different from Standard German
of Germany or Austria. Many children who do not
speak Swiss German as their native language pri-
marily, or exclusively, communicate in Swiss Stan-
dard German. This highlights the necessity of NLP
methods that can effectively process both Swiss
Standard German and Swiss German while ac-
commodating the inherent variation within Swiss
German dialects.

Research in other languages such as English
supports the effectiveness of LSA in diagnosing
DLD (Ramos et al., 2022) and the effectiveness
of using automated LSA (Miller et al., 1985; Pye,
1994). However, relevant studies are less present
for German data and entirely missing for Swiss
German. Our preliminary study investigates the
potential of using NLP methods as a step closer to
working with Swiss German data.

6.2. ASR Transcriptions

The majority of transcription errors committed
by the Whisper model can be attributed to child
speech. Specifically, Whisper often failed to rec-
ognize the children’s utterances (but not the ut-
terances of the adult therapists) or generated re-
peated words. After orthographically correcting the
manual transcriptions (i.e., normalization; for exam-
ples, see columns word (original) and normalized
in Appendix E), the error rates were significantly
reduced (see Figure 2b). This highlights the con-
tinued need for normalization of speech transcrip-
tions in practice to address the limitations of ASR
models. This problem could also potentially be
mitigated by fine-tuning the models with specific
methods of transcription, which would allow keep-
ing the important transcribed information as well
as reaching a sufficient quality of transcription.

In our case study, indicated by the less promi-
nent results of the Whisper transcriptions, fully re-
lying on ASR transcriptions was not meaningful at
this stage due to the limited availability of children’s
speech data in Swiss German, which precluded
fine-tuning even the small variant of the Whisper
model. This highlights the importance of both nat-
urally expanding the dataset and exploring alterna-
tive approaches, such as data augmentation via
speech synthesis using generative models (Ren
et al., 2021; Ao et al., 2022; Toyin et al., 2024),
to address the challenges of processing under-
represented and atypical languages in a speech-
language pathology context.
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6.3. Inter-annotator Agreement on

Human Labelling of POS Tags

Our results indicate a strong level of agreement,
demonstrating the reliability of our annotation pro-
cess. Prior research on |IAA for German and Latin
POS tagging (Brants, 2000; Stiissi and Strdbel,
2024) has reported even higher IAA scores with
professionally trained annotators, which suggests
that the annotation quality could be further im-
proved with expert training.

We argue that three primary factors contribute
to the differences observed in our study: (1) While
no major discrepancies exist, Swiss Standard Ger-
man differs from the Standard German used in
Germany, which can lead to disagreements among
annotators; (2) Swiss German lacks standardized
spelling, and our annotators originate from different
Swiss German-speaking cantons, resulting in vari-
ations in their interpretation of syntactic functions;
and (3) Due to the presence of erroneous, incom-
plete, or atypical sentence structures produced by
children with DLD, some ambiguity remained, lead-
ing to variability in interpretation among annotators.
In Appendix B, we provide examples of common
discrepancies between our annotators.

6.4. Automatic POS Tagging

The results for the more general statistical spaCy
model on Swiss Standard German data are con-
sistently outperforming the two BERT-based POS
tagging models specifically trained on UPOS and
STTS for Swiss German annotations on the Swiss
German data, further highlighting the difficulties
specific to Swiss German in NLP methods. All in
all, these findings highlight that the models used in
this study can perform reasonably well on Swiss
German and Swiss Standard German transcrip-
tions while offering the advantages of being signif-
icantly less computationally expensive and more
ethical in their deployment compared to commer-
cial LLMs. More Swiss German training data in
general, as well as finetuning the model to the
specifics of our dataset (e.g. children’s’ speech
and atypical speech) is expected to improve the
performance.

6.5. Current Challenges

Despite achieving a reasonably good performance
in automatic speech transcription and POS tag-
ging, it is important to emphasize that the current
results remain insufficient for therapeutic practice.
This limitation is primarily due to the persistent
need for manual correction of speech transcrip-
tions. Since diagnostic applications demand highly
precise speech transcription and linguistic analysis,
there is strong motivation to further enhance NLP



approaches not based on commercial LLMs, such
as by fine-tuning existing BERT-based POS tag-
ging models with additional data and developing
more advanced ASR models for Swiss German
speech.

In Appendix D, we present our prototype soft-
ware developed specifically for speech-language
pathologists. As we continue to gather user feed-
back from real-world practice, we adhere to human-
in-the-loop design principles and plan to enhance
the software with more rigorously validated fea-
tures for better user experience.

7. Conclusion and Future Work

In this study, we have addressed the challenges
of automating key steps in language sample anal-
ysis by employing non-commercial NLP models
for ASR and POS tagging. We evaluated the zero-
shot capabilities of these models on both tasks and
reported the empirical performance. Our work un-
derscores the feasibility of employing ethical NLP
approaches not based on commercial LLMs in the
setting of speech-language pathology, particularly
when handling sensitive data such as children’s
speech. In future work, we aim to expand the
dataset by incorporating more diverse samples
of children’s speech with and without DLD. Addi-
tionally, we plan to develop specialized ASR and
POS tagging models tailored to Swiss German of
children and evaluate whether analyses based on
automatically created transcripts and automated
POS tagging can reliably predict DLD in Swiss
German-speaking children. We also plan to ex-
pand the linguistic analyses in broader contexts,
especially on the syntactic level (such as depen-
dency parsing, see the column dependency in
Table 20 in Appendix E), ultimately facilitating the
semi-automatic diagnosis of DLD for children in
Switzerland.

8. Limitations

The primary limitations of our work are as follows:
(1) Due to the data sparsity and difficulty of data
acquisition, our sample size is relatively low com-
pared to evaluations in contexts other than the
speech and language disorder context; (2) We did
not conduct further investigations into morphologi-
cal features, as, to the best of our knowledge, no
existing NLP approaches not based on commer-
cial LLMs for morphological prediction in Swiss
German are currently available; (3) We did not
benchmark the evaluation with locally deployed
LLMs of the newest generation as this will be part
of a future study; (4) All Swiss German ASR mod-
els known to us transcribe the text directly into
Standard German. However, for our application, it
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would be beneficial for the text to be in Swiss Ger-
man. There is not yet any research showing that
DLD approaches for other languages can be effec-
tively applied to diagnosing DLD of Swiss German-
speaking children. For this reason, the usefulness
of the Standard German transcriptions obtained is
limited; (5) Automatic tools for diagnosing DLD in
children are not infallible; they should only be used
in combination with other screening methods and
by speech-language pathologists.

9. Ethical Statement

Our study received ethical approval from the re-
sponsible university’s research committee. In-
formed consent was obtained from the parents of
all participating children and the speech-language
pathologists, allowing for the recording, processing,
storage, and controlled sharing of data. To ensure
accessibility, the consent form was provided in sim-
plified language to facilitate understanding for par-
ents. Children were informed about the study and
provided their oral consent to participate. None of
the collected data have been processed through
any commercial LLMs. All data processing was
conducted locally. Permission was granted to pub-
lish the data from 41 recordings in a public repos-
itory. In addition to the small subset used for this
paper, the whole dataset will be released in the
near future.
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A. Instructions for Human Annotation of Part-of-speech Tagging on Gold
Transcriptions (translated from the original German file)

Task Description. Your task is to annotate a small dataset of spontaneous speech sentences of
children with typical and atypical language development in Swiss German and Swiss Standard German.
You received an Excel sheet with around 100 sentences from different children (K as Kind (child) in
German) and professionals (FP as Fachperson (specialist) in German) interviewing the children in either
Swiss German or Swiss Standard German. These sentences are randomly selected from different gold
transcription files. In the first column you find the human transcriptions, while all other columns are
generated automatically and need to be corrected. Please correct the annotations of:

« Part-of-speech tagging with the UPOS tags (more information here').
« Part-of-speech tagging with the STTS tags (more information here?).
» Morphology for certain part-of-speech tags.

+ Subject-verb agreement (SVA).

Annotation Process. Please adhere to the following steps:
1. Read this manual carefully.
2. Read the documentation of the tag sets.
3. Perform trial annotations using the control sentences constructed individually and send them back.
4. If you pass the trial annotations, you will receive real annotation sentences.
5. During the annotation, please keep in mind that:

» For the annotation you can use whatever assistance you want (such as look up tables, Duden,
the internet, etc.);

* Please do not use the spaCy model de_core_news_sm as well as the
swiss_german_stts_pos_model and the swiss_german_pos_model models from
Huggingface, as they are baselines of our study;

* Please do not copy and paste the sentences into commercial LLMs, as we must respect
the data protection policy of Switzerland;

» The sentences are random samples of different transcriptions. Please use only the current
sentence as context;

* You can annotate in whatever order you like.

6. For morphology, annotate as much as you can as long as it is determinable. If something is not
determinable, please leave it out blank.

7. For subject-verb agreement:

» Please mark all conjugated verbs with ‘v’;
» Please mark the main part that determines the verb form (subjects) as ‘sb’;

« For the contracted forms of Swiss German (such as “gehen wir” — “gdmmer”, “kann er sie
entsorgen” — “chanerse entsorge”), use sb_v or v_sb, depending on the order in the contraction.

8. Leave <sentence>, the sentence separator, as empty.
9. Tag all UNK as X/XY.

10. Tag all NAME (anonymized name) as PROPN/NE.

11. Use the tag PROAV instead of PAV (adhering to spacCy).

"https://universaldependencies.org/u/pos/

2nttps://homepage.ruhr-uni-bochum.de/stephen.berman/Korpuslinguistik/Tagsets-STTS.
html
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12.

13.

14.

15.

16.

17.

18.

In STTS, the verb sein is always tagged as VAxxx, even when used as a full verb. However, UPOS
distinguishes between the functions of the verb: when a verb is used as a full verb, can can thus be
replaced by sich befinden, itis tagged as VERB.

The STTS tag set labels all occurrences of auxiliary verbs (sein, werden, haben) as well as
copula with VAxxx, modal verbs (miissen, diirfen, wollen, mdgen, kdnnen, sollen)are
labelled with VMxxx.

Ja/Nein: Please annotate as PTKANT if

 Standing alone;
* Is part of an answer;
» Used as a query (Ruckfrage).

Except when used as modal particle (in German “Abténungspartikel”, for instance, “Das ist ja wirklich
schén”), annotate as ADV.

Interjections encompass:

« All signals of understanding (in German “Verstéandigungssignale”, for instances, “oh’, “ah”, “aha”,
IKWOWH’ l(hmml!);

” o » o« "

« All onomatopoeias (for instances, “brummbrumm”, “gluglug”, “miau”, “wuff”).

Corrections, word fragments, errors (which are then corrected, for instance, “eine Bri-Brille”), please
annotate as X/XY.

If a child made a grammatical error and used the wrong form, please annotate what was exactly
said and not what it should be, as we want to identify these errors later. If not all information can
be clearly determined from the used word itself, assume the correct form.

For cases that are hard to tag (e.g., the child used irregular forms, wrong or fantasy words, etc.),
please do your best.

Rules of Swiss German. Most rules are identical between Swiss German and Standard German.
However, there are still some linguistic differences. Please read the chapter Differences to German UD
Guidelines here® as a reference.

Conversion between UPOS tag set and STTS tag set. See more information here*. Please be aware
that the conversion does not apply to all cases.

3https ://universaldependencies.org/gsw/
4https ://universaldependencies.org/tagset-conversion/de-stts—uposf.html
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B. Canonical Examples of POS Tagging Disagreements between Human
Annotators

B.1. Examples in Swiss German
Disagreement 1 Whether a word is a proper noun (PROPN), noun (NOUN), or foreign word (X).

ebe genau ja de het der paw patrol gfalle ?
A ADV ADV PART ADV AUX PRON X X VERB PUNCT
B ADV ADV PART ADV AUX PRON PROPN PROPN VERB PUNCT
C ADV ADV PART ADV AUX PRON PROPN PROPN VERB PUNCT

Table 7: Example sentence corresponding to the English translation so exactly then you liked paw patrol?

Disagreement 2 Whether a word is an adverb (ADV) or, e.g., an adjective (ADJD) or interjection (ITJ).

ja hm genau ah schpannend
A PTKANT ITJ ADJD ITJ ADJD
B PTKANT ITJ ADV ITJ ADJD
C PTKANT ITJ ADV ITJ ADJD

Table 8: Example sentence corresponding to the English translation yes hm exactly ah interesting.

gall was danksch was isch das
A ITJ PWS VVFIN+ PWS VAFIN PDS
B ADV PWS VVFIN PWS VAFIN PDS
C ITJ PWS VVFIN+ PWS VAFIN PDS

Table 9: Example sentence corresponding to the English translation what do you think what this is?

Disagreement 3 Distinguishing different types of pronouns (e.g., PDS, PDAT).

gend recht gas uf dene trotti
A VVFIN ADV NN APPR PDS NN
B VVFIN ADV PTKVZ APPR PDAT NN
C VVFIN ADV NN APPR PDS NN

Table 10: Example sentence corresponding to the English translation they really step on the gas on these
scooters

Disagreement 4 Whether to tag attributive pronouns (PPOSAT in STTS) as determiner (DET) or
pronoun (PRON) in UPOS.

oh  verzell mal wy fyrsch  dud din geburtstag ?
A INTJ VERB ADV ADV VERB PRON DET NOUN PUNCT
B INTJ VERB ADV CCONJ VERB PRON PRON NOUN PUNCT
C INT VERB ADV ADV VERB PRON DET NOUN PUNCT
STTS ITJ VVIMP ADV PWAV VVFIN PPER PPOSAT NN $.

Table 11: Example sentence corresponding to the English translation oh tell me how do you celebrate
your birthday?

SAdding an accent symbol to a vowel describes its quality adapted from Dieth (1986).
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Disagreement 5 Whether a word is a concatenation of multiple words (e.g., VVFIN+) or not (e.g.,
VVFIN) (especially in the case of a verb in second person singular, as it can stand without PPER in Swiss
German).

gall was danksch was isch das
A ITd PWS VVFIN+ PWS VAFIN PDS
B ADV PWS VVFIN PWS VAFIN PDS
C ITJ PWS VVFIN+ PWS VAFIN PDS

Table 12: Example sentence corresponding to the English translation what do you think this is?

B.2. Examples in Swiss Standard German

Disagreement 1 Whether a word is nominalized (used as a noun) or not.

aber du hast  recht das macht man doch eigentlich mit einem stock
A CCONJ PRON AUX NOUN PRON VERB PRON ADV ADV ADP DET NOUN
B CCONJ PRON AUX NOUN PRON VERB PRON ADV ADV ADP DET NOUN
C CCONJ PRON AUX ADV PRON VERB PRON ADV ADV ADP DET NOUN

Table 13: Example sentence corresponding to the English translation but you are right actually you do
this with a stick.

Disagreement 2 For incomplete or erroneous words, what is the right way to interpret it (the correct
word in the first example should be “meinte” (“meant”) as one word, and in the second example, “warte”
(“wait”).

mein te an wate an freitag
A PPOSAT NN PTKVZ A NN APPR NN
B PPOSAT XY XY B XY APPR NN
C VVFIN VVFIN APPR C WVIMP APPR NN

(a) English translation of the example sentence: (b) Example sentence corresponding to the English
mean-ed on. translation wait on friday.

Table 14: Comparative morphological annotation examples from two German utterances.

Disagreement 3 Whether a verb is used as auxiliary (VA) or full verb (VV) (differences exist between
the two tag sets).

ja diese  zeitung ich hab das  gerne aber ich hat ein  zeichnung
A (UPOS) PART DET NOUN PRON VERB PRON ADV CCONJ PRON AUX DET NOUN
A (STTS) PTKANT PDAT NN PPER VAFIN PDS ADV KON PPER VAFIN ART NN
B (UPQOS) PART DET NOUN PRON VERB PRON ADV CCONJ PRON AUX DET NOUN
B (STTS) PTKANT PDAT NN PPER VAFIN PDS ADJD KON PPER VAFIN ART NN
C (UPOS) PART DET NOUN PRON VERB PRON ADV CCONJ PRON VERB DET NOUN
C (STTS) PTKANT PDAT NN PPER VAFIN PDS  ADV KON PPER VAFIN ART NN

Table 15: Example sentence corresponding to the English translation yes this newspaper I like this but |
has a drawing.
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C. Per-speaker-group ASR and POS Tagging Results

Observation 1 Whisper has significantly less ASR errors on transcriptions of speech-language patholo-
gists than of children.

Original Transcripts WER | CER MER | WiL |
FP K FP K FP K FP K
Swiss German 0.772 0.860 0.469 0.556 0.761 0.850 0.927 0.970

Swiss Std. German 0.377 0.600 0.278 0.445 0.370 0.591 0.463 0.722

Table 16: ASR results evaluated on original speech transcriptions of speech-language pathologists (FP)
and children (K).

Normalized Transcripts WER | CER | MER | WiL |

FP K FP K FP K FP K
Swiss German 0.506 0.681 0.337 0.466 0.494 0.664 0.666 0.840
Swiss Std. German 0.365 0.550 0.275 0.430 0.359 0.541 0.444 0.651

Table 17: ASR results evaluated on normalized speech transcriptions of speech-language pathologists
(FP) and children (K).

Observation 2 POS tagging models have higher F1 scores on transcriptions of speech-language
pathologists (i.e. adults) than of children.

Original Transcriptions UPOS (F1 Score 1) STTS (F1 Score 1)

FP K FP K
Swiss German 0.735 0.673 0.728 0.675
Swiss Std. German 0.844 0.659 0.831 0.654

Table 18: POS tagging results on original speech transcriptions of speech-language pathologists (FP)
and children (K).

Observation 3 Swiss Standard German transcriptions achieved generally higher evaluation results
than Swiss German transcriptions.

Normalized Transcriptions UPOS (F1 Score 1) STTS (F1 Score 1)

FP K FP K
Swiss German 0.835 0.787 0.823 0.762
Swiss Std. German 0.878 0.796 0.852 0.807

Table 19: POS tagging results on normalized speech transcriptions of speech-language pathologists
(FP) and children (K).

Observation 4 Orthographic normalization of speech transcriptions helps in boosting the performance
of both ASR model and POS tagging model.
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D. The LSA Software for Therapeutic Practice of DLD Diagnosis

Analyse - o X

Textdatei Hilfe
Transkription Editor Analyse
Audio
Offnen
Text
Offnen

|<< 2 Schliessen 00:00 FR_05_31.10.23.mp3

Speichern unter = Schliessen FR_05_31.10.23_korr_LS.txt

FP: geburtstag fyre und ich tus ufneh gall #00:00:03-6#

K: jo #00:00:04-3#

FP: was gsehsch du da druff #00:00:00-3#

K: de chueche #00:00:06-4#

FP: hm (bejahend) #00:00:07-6#

K: cherze mmeitli und buebee hm bliiemli chiieh #00:00:16-1#

FP: ganz en huufe und ich gsehn éppis was die chinde mached #00:00:21-9#
K: usblose #00:00:24-3#

FP: gall die won
sim geburi? #00

nlich d cherze usblase du was hesch denn du a dim geburi gmacht gha und am NAME
30-44#

K: @ also ich welle haifisch burtstag ha und de NAME pilate #00:00:37-5#
FP: mhh jo und isch das gange? #00:00:38-1#

K: jo wel min haifisch echli gféhliches gsi als vom NAME #00:00:43-7#

Figure 4: Editor of the software. After automatically transcribing the recordings, the transcript is opened
in the editor. Here, the recordings can be played and the transcript can be corrected.

Analyse - o X
Textdatei Hilfe
Transkription Editor Analyse

FR_05_31.10.23_korr_LS.txt andern mehrere 6ffnen

Allgemein

Sprache

Schweizerdeutsch ~ Standarddeutsch
Sprecher

FP © K Alle

Verstandigungssignale ausschliessen
Ja Nein

Analyse

Alle auswahlen
Allgemein

Anzahl Ausserungen

Anzahl Worte

MLU

Verteilung Wortarten
Alleinstehende Antwortpartikel ausschliessen

Ja Nein

Lexikalische Diversitat

Vv Wortarten
Number of different words
Type-token ratio
Moving-average Type-token ratio

UNK ausschliessen
Ja Nein

Minimalldnge analysierter Ausserungen

3 Fenstergrésse: 15
Brunets Index
Honoré-Statistik
Lexical Density

Sonstige

Subject-Verb agreement
Wrong Plurals

Modus L

Ausgabe
Zusatzdateien
Pos-tagging
Pos horizontal
Pos horizontal Verben
Worttbersicht
Verbibersicht
Wortartentbersicht
Analysierter Text
Analyse Parameter
Resultate ausgeben als
Tool
Excel
csv

Starte Analyse

Figure 5: Analysis: After correcting the automatic transcription manually, the analysis can be started.
Providing different options for the analysis, such as which speakers should be analyzed and what should
be filtered out, a personalized analysis can be executed, containing values such as mean length of
utterance, distribution of POS tags, and subject verb agreement as well as additional files with overviews
of all verbs and POS tagging.
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Abstract

Depression is the leading cause of global disability and early detection is crucial for effective intervention. Recent
advances in large language models (LLMs) offer potential for analyzing text to identify depression symptoms. This
work investigates the zero-shot capability of LLMs to recognize nine DSM5 depression symptoms from short-text
inputs. We evaluated eight open LLMs with model sizes ranging from 1.5B to 14B parameters using a clinically
annotated dataset and assessed both overall agreement and symptom-level performance. Results indicate that
while smaller models exhibit limited clinical accuracy, the Qwen 2.5-7B model achieves substantial performance with
a Cohen’s Kappa of 0.603 and a Macro F1 score of 0.648. Notably, a performance plateau between the 7B and
14B Qwen variants suggests that model scaling alone does not guarantee improved symptom-level classification,
establishing Qwen 2.5-7B as a resource-efficient model. Further analysis of the best-performing model revealed
strengths in identifying salient symptoms like suicidal thoughts, but limitations in recognizing core symptoms such as
depressed mood and anhedonia. Misclassification analysis reveals that the model frequently misclassifies posts
expressing 'depressed mood’ as 'no symptom’ or vice versa, often overlooking indicators of irritability or social
withdrawal. These findings suggest that resource-efficient LLMs can support preliminary symptom screening in zero
shot settings, but there is risk of overlooking clinically important symptoms without fine-tuning.

Keywords: DSM-5, Depression Symtpoms, Large Language Models, Mental Health

1. Introduction Early computational studies demonstrated corre-
lations between linguistic features and depression-
According to the World Health Organization (WHO),  related behaviors on platforms such as Twitter and
depression is one of the leading causes of global  Reddit, using lexicons, topic models, and tradi-
disability, affecting an estimated 5.7% of the adult  tional machine learning classifiers (Liu et al., 2022;
population worldwide. Furthermore, it contributes ~ De Choudhury et al., 2013; Coppersmith et al.,
to approximately 727,000 suicide deaths annu-  2014). However, much of this work framed de-
ally'. In Europe, mental health conditions, including  pression detection as a binary or multi-class di-
chronic depression, affect about 7% of the popula-  agnosis prediction task, frequently relying on self-
tion. In response to this growing burden, 31 coun-  disclosed diagnoses as ground truth labels. Clinical
tries in the WHO European Region have committed  researchers have criticized such labeling strategies
to integrating mental health into all areas of pub-  for their noise, demographic bias, and limited clini-
lic policy and prioritizing it within national health  cal validity (Ernala et al., 2019).
agendas?.

Despite the urgent need for large-scale mental To address these concerns, more recent re-
health assessment, traditional clinical evaluation  search has shifted from disorder-level classification
remains resource-intensive and difficult to scale. In  to symptom-level modeling. Instead of predicting
recent years, social media platforms have emerged @ diagnosis, these approaches aim to detect indi-
as valuable sources of user-generated content that ~ vidual psychological or behavioral indicators cor-
reflects individuals’ emotional states and lived expe- ~ responding to specific diagnostic criteria. Studies
riences. This development has motivated agrowing ~ have explored mapping social media language to
body of research in natural language processing  DSM-5 depression symptoms such as anhedonia,

(NLP) aimed at detecting mental health signals from  sleep disturbances, and feelings of worthlessness
textual data. (Manikonda and De Choudhury, 2017; Chancellor

et al., 2019). At the same time, there is an increas-
" https://www.who.int/en/news-room/fact- ing trend toward constructing datasets annotated
sheets/détail/debreséion by domain experts and developing standardized

2https://www.who.inteurope/news/item/16-06-2025-  €valuation protocols for depression and suicide risk

with-17—of-people-in-the-region-living-with-a-mental- detection (Zhang et al., 2021; Coppersmith et al.,

health-condition—31-countries-commit-to-integrating- 2014). These developments provide an opportunity

mental-health-into-all-policies to evaluate modern NLP systems against clinically
74

Proceedings of the 6th RaPID@MENTAlai Workshop @ LREC 2026, pages 74—81
12 May 2026. ©ELRA Language Resources Association (ELRA), 2026



grounded, human-annotated benchmarks.

The emergence of large language models (LLMs)
has introduced new possibilities for mental health
text analysis. Instruction-tuned and conversational
LLMs demonstrate strong generalization capabil-
ities across diverse tasks without task-specific
training, enabling zero-shot and few-shot learning
paradigms. Recent studies have explored their ap-
plication to mental health-related tasks, including
depression detection, suicide risk assessment, and
emotional support generation (Yang et al., 2023;
Lan et al., 2025; Jin et al., 2025; Omar et al.,
2024). Zero-shot classification using natural lan-
guage prompts has become a prominent approach
for evaluating LLM generalization, where task la-
bels are framed as natural language descriptions
to leverage pretrained knowledge without explicit
supervision (Zhao et al., 2023; Kojima et al., 2022).
In mental health contexts, prompt-based methods
offer the advantage of explicitly incorporating clini-
cal definitions, potentially improving alignment with
expert annotations.

Nevertheless, the reliability of LLMs for clinically
grounded, symptom-level mental health analysis
remains insufficiently studied. In particular, rela-
tively few works systematically examine zero-shot
performance of resource-efficient, open LLMs for
detecting DSM-5 depression symptoms. The ex-
tent to which such models can replicate expert-level
symptom identification without fine-tuning remains
unclear.

In this work, we investigate whether moderately
sized, general-purpose open LLMs can identify
depression-related symptoms in short texts under
zero-shot conditions. We evaluate their agreement
with DSM-5 symptom annotations provided by li-
censed psychologists, focusing particularly on clin-
ically critical symptoms such as suicidal thoughts,
worthlessness, and anhedonia. Through a con-
trolled zero-shot evaluation, we aim to assess both
the feasibility and the limitations of LLM-based
symptom recognition systems and to identify com-
mon misclassification patterns across DSM-5 symp-
tom categories®.

2. Methods

This section details the methodology employed in
our study. We first describe the preparation of the
ReDSM5 dataset used for training and evaluation.
Then, we describe the experimental setup, includ-
ing the LLMs used in experiments and the prompt-
based inference procedure used to assess their
zero-shot depression symptom classification capa-
bilities.

3Code: https://github.com/rizwan2phd/

Symptom Sentence
Count

Depressed mood 326
Worthlessness 284
Suicidal thoughts 175
Fatigue 111
Anhedonia 106
Sleep issues 104
Cognitive issues 53
Appetite change 45
Psychomotor 32
None (control) 374

Table 1: Distribution of DSM-5 Depression
Symptoms in the ReDSM5 Dataset. This table
displays the number of sentences labeled by a li-
censed psychologist as containing each of the listed
DSM-5 depression symptoms, alongside a 'None’
control class.

2.1,

In this study we used the ReDSM5 dataset (Bao
et al., 2025), a clinically labeled Reddit corpus cu-
rated according to DSM5 depression standards (To-
lentino and Schmidt, 2018), (Information Retrieval
Lab, University of A Corufia, 2025). The dataset
contains Reddit sentences that were reconstructed
from an earlier paragraph-level corpus and re-
annotated by a licensed clinical psychologist. Every
sentence is labeled for the presence or absence of
the nine DSM5 depression symptoms: depressed
mood, worthlessness, suicidal thoughts, anhedo-
nia, fatigue, sleep issues, cognitive issues, appetite
change and psychomotor. In addition to binary
symptom labels, the annotator also provided clini-
cal rationales.

The instances with multiple symptom labels rep-
resent a relatively small proportion of the overall
dataset. To simplify the task for our model and fa-
cilitate clear interpretation of results, we removed
these multi-label instances, reducing the dataset
size by 129 instances. The dataset also contains
sentences with the absence of symptoms, we used
those as our control class (symptom = none).

This resulted in a refined dataset of 1,610 sin-
gle label instances encompassing ten unique cat-
egories within the DSM5 symptoms, nine original
symptom labels and a new None category repre-
senting the absence of depressive symptoms (con-
trol class). The final distribution of the data can be
seen in Table 1.

Dataset Preparation

2.2. Experiment Setup

To evaluate the zero-shot depression symptom clas-
sification capabilities of LLMs, we employed a fixed
prompt-based inference setup using the eight open

zeroshot-depression-symptoms—screening-11ms models with sizes ranging from 1.5B to 14B param-
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eters and model families (L1ama, Mistral, Qwen).
List of all models with parameter size and corre-
sponding performance can be seen in Table 2. The
Qwen family (1.5B, 3B, 7B and 14B parameters)
is composed of models trained on large scale mul-
tilingual corpora with strong coverage of English
and Chinese language. These models are instruc-
tion tuned to improve reasoning. The latest LLaMA
3.2 family (1B and 3B parameters) represent com-
pact and efficient instruction tuned models, while
the Mistral family (7B and 12B parameters) repre-
sent instruction tuned models employ optimized
Transformer architectures. Details of the models
evaluated and their performance are presented in
Table 2.

Through the prompt, we asked the model to per-
form the task of an expert psychologist and label the
input text exactly one of the DSM5 major depressive
disorder symptoms i.e. depressed mood, worth-
lessness, suicidal thoughts, anhedonia, fatigue,
sleep issues, cognitive issues, appetite change
and psychomotor or assign the none label if the
text does not fit any of these labels. The exact
prompt was as follows:

You are an expert clinical psychologist
trained in DSM5 diagnostic criteria for ma-
jor depressive disorder. Analyze the text
carefully for indicators of depressive symp-
toms. If the text describes a depressive
symptom, classify it into one category. If
the text shows NO depressive symptoms
(e.g., normal mood, neutral content, unre-
lated topics), classify it as NONE.

TASK: Classify the following text into EX-
ACTLY ONE category from the list be-
low. Categories: DEPRESSED MOQD,
WORTHLESSNESS, ANHEDONIA, SUICI-
DAL THOUGHTS, APPETITE CHANGE,
SLEEP ISSUES, FATIGUE, COGNITIVE IS-
SUES, PSYCHOMOTOR.

Output ONLY the category label, no expla-
nations, no punctuation, no additional text.
Choose NONE if the text shows NO depres-
sive symptoms. Your response must be a
single word matching one category exactly.

We constrained the LLM output to return only
the category label to ensure consistency and elimi-
nate post-processing ambiguity. The max_tokens
parameter was set to 15 to further enforce single-
label output. Any response failing to produce an
exact category label from the predefined list, or
containing extraneous text, was considered an in-
valid prediction and excluded from the evaluation.
The last column of Table 2 shows the number of
valid predictions per model. All experiments were
conducted in a zero-shot setting, meaning no task-
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specific fine-tuning or in-context examples were
provided. To ensure deterministic outputs and re-
producibility, the temperature parameter was fixed
at 0 for all model inferences.

This setup allows us to assess whether computa-
tionally efficient models can effectively generalize
to depression symptoms identification under strict
zero-shot condition.

3. Results and Discussion

This section discusses the performance of LLMs for
zero-shot classification of DSM5 depression symp-
toms. We first present a comprehensive analysis
of model agreement and overall performance, and
then analyze the symptom-level insights and mis-
classification patterns to identify both strengths and
limitations of our best performing model.

3.1. Human Agreement and Performance
Analysis of DSM5 Depression

Symptoms

Our zero-shot evaluation of the models for DSM5
depression symptom classification shows clear per-
formance differences across model sizes and archi-
tectures. Models scores can be seen in Table 2 and
visualized in Figures ??. Given the class imbalance
in the dataset, we rely on Cohen’s Kappa (McHugh,
2012) and Macro F1 as evaluation metrics.
The Macro F1 score is calculated as:

N
1
Macro-F1 = ; F1, (1)

where N is the number of classes and F1; is the
F1-score for class i. The class-wise F1-score is
calculated as:

Precision; - Recall;
Precision; + Recall;

F1, = (2)
Thus, the Macro-F1 score in Equation 1 is com-
puted as the average of the class-wise F1-scores
defined in Equation 2.
Cohen’s Kappa () is calculated as:

Kk — DPo — Pe

1- Pe

where p, is the observed agreement and p, is

the expected agreement by chance, as shown in
Equation 3.

Overall, extremely small models struggle to per-
form meaningful clinical agreement in a zero-shot
setting. Llama-3.2-1B-Instruct, for instance, ex-
hibits small agreement (Cohen’s x = 0.060) and a
very low Macro F1 score (0.089). This indicates
that models at this scale are incapable of captur-
ing DSM5 symptom distinctions without additional

(3)



Model Parameters Cohen Macro F1 Valid Predictions
Kappa
Llama-3.2-1B-Instruct 1B 0.060 0.089 1608
Llama-3.2-3B-Instruct 3B 0.412 0.410 1603
Mistral-7B-Instruct-v0.3 7B 0.511 0.587 1523
Mistral-Nemo-Instruct-2407 12B 0.550 0.607 1601
Qwen2.5-1.5B-Instruct 1.5B 0.343 0.349 1572
Qwen2.5-3B-Instruct 3B 0.491 0.532 1602
Qwen2.5-7B-Instruct 7B 0.603 0.648 1605
Qwen2.5-14B-Instruct 14B 0.600 0.651 1537

Table 2: Zero-Shot Classification Results of LLMs for DSM-5 Depression Symptoms. Performance
metrics (Cohen’s Kappa, Macro F1) for several LLMs are shown, evaluated on the ReDSM5 dataset in
zero shot settings. This highlights the potential for direct application of LLMs to mental health assessment.
Valid predictions represent sentences where the LLM correctly outputs the exact symptom category. Qwen
2.5-7B-Instruct achieved the best overall performance.
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Figure 1: Symptom-wise false negative rate of the Qwen2.5-7B-Instruct model. Higher rates indicate

a tendency to miss identifying specific symptoms.

human guidance. Performance improves substan-
tially as model size increases into the 3B-7B range,
which is the minimum threshold necessary for reli-
able zero-shot symptom classification. In particu-
lar, the Qwen 2.5 series consistently outperforms
size-matched alternatives, which means Qwen ar-
chitecture and training better suited for depression
symptom classification. Among all evaluated mod-
els, Qwen 2.5-7B emerges as the strongest. It
achieves the highest overall agreement with DSM5
labels, with a fair Cohen’s « of 0.603 and a Macro
F1 score of 0.648, marginally surpassing both the
larger Qwen 2.5-14B and Mistral-Nemo-12B mod-
els. It shows that Qwen 2.5-7B offers superior pa-
rameter efficiency and more effective zero-shot clin-
ical reasoning.

Interestingly, the performance plateau observed

between the 7B and 14B Qwen variants implies that
scaling alone does not improve symptom-level clas-
sification in the absence of fine-tuning or few-shot
prompting. This shows that representational quality
of model is more influential than only model size for
the zero-shot settings. Based on these findings, we
select Qwen 2.5-7B as the best performing model
for symptom level analyses in upcoming sections.

3.2. Symptom Level Performance

As shown in Figure 3, there is a clear performance
plateau between Qwen 2.5-7B and Qwen 2.5-14B,
with nearly identical F1 scores across most symp-
tom categories. Although the 14B model demon-
strates marginal improvements on a few symp-
toms (e.g., anhedonia and appetite change), these
gains are small and inconsistent. Given this, the
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Symptom-wise F1 Score by Model
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Figure 2: Symptom-specific F1 scores for Qwen2.5-7B-Instruct. The figure presents F1 scores across
all DSM-5 symptoms, including the None category, illustrating the model’s performance in symptom-level

detection under zero-shot settings.
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Figure 3: Symptom-wise F1 comparison. Com-
parison of F1 scores across DSM-5 symptoms for
Qwen2.5-7B-Instruct and Qwen2.5-14B-Instruct,
showing minimal performance differences between
models.

efficiency—performance trade-off favors Qwen 2.5-
7B, which achieves comparable results with lower
computational cost. Consequently, the 7B model
represents a practical choice for deployment and a
strong candidate for further fine-tuning to achieve
additional performance gains.

The symptom-wise evaluation of our best-
performing model, Qwen 2.5-7B, on DSM-5 depres-
sion criteria reveals substantial variability across
symptoms in terms of F1 score and false-negative
rate (FNR). We analyze both the model’s strengths
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and its clinically relevant limitations. The model
achieves strong performance on linguistically ex-
plicit and high-salience symptoms such as suicidal
thoughts (F1 = 0.888), worthlessness (F1 = 0.788),
and sleep issues and fatigue (F1 ~ 0.76). Notably,
the high recall for suicidal thoughts suggests po-
tential utility in high-sensitivity screening settings.
Symptom-wise F1 and FNR scores are shown in
Figure 1 and Figure 2, respectively.

In contrast, the model exhibits only moderate per-
formance on core symptoms, including depressed
mood (FNR = 0.333) and anhedonia (FNR = 0.283).
These elevated false-negative rates are clinically
concerning, as prior work (Loas et al., 2018; Auer-
bach et al., 2022; Gillissie et al., 2023) highlights
a strong association between anhedonia and sui-
cidal thoughts. Moreover, suicidal thoughts, de-
pressed mood, and anhedonia are among the most
critical symptoms for assessing severe depression
risk (Zimmerman et al., 2018). The model performs
worst on psychomotor symptoms, with a very high
false-negative rate (FNR = 0.884), indicating fre-
quent failure to detect their presence.

Additionally, the none category, representing the
absence of depressive symptoms, shows poor per-
formance (F1 = 0.379). This indicates a system-
atic bias toward predicting symptom presence even
when no symptoms are present, suggesting that
the model may misinterpret neutral or mildly con-
cerning language as clinically relevant, potentially
leading to unnecessary alerts in real-world applica-
tions.



True Label

Predicted Counts

Sample Sentences (Separated by semi colon)

| know that life is pretty tough and | try to work and safe to have a
more secure future; i am angry all the time; Also | have lived reck-
lessly because | thought | didn't had much future; But | never cry ,
no matter how sad; Where | am neither very happy or sad; | get
irritated easily; I'm so irritable all the time.

| feel sad from time to time; | cried so much; Makes me
sad ,though; Then | get sad ; | have watched it 3 times and |
still cry every time; Im sad and | fear marriage now; | wake up

feeling depressed, upset, and anxious; But | never miss my sadness
because that's depression and it could get so bad;

Label
Depressed  None 72
Mood
None Depressed 66
Mood
None Sleep Is- 41
sues

Now, i never feel rested in the morning even if i slept 8-9 hours
during the night, and it takes a long time to fall asleep ; | usually
just get six hours of poor sleep every night; | tend to fell asleep
and laid down as soon as | get home; Some nights | would get

no sleep at all.

Table 3: : Misclassification analysis of Qwen 2.5-7B predictions. The table presents the most frequent
misclassifications, including the true label, predicted label, the number of occurrences, and representative

example sentences.

3.3. Misclassification Pattern Analysis

In this part of research work, we present results
from a detailed exploration of the most common
misclassification produced by Qwen 2.5 7B during
zero-shot classification of DSM5 depressive symp-
toms, see Table 3. This is crucial for understanding
the limitations of the model when applied to clinical
data and for guiding future model improvement.

The most frequent misclassification pattern is to
classify depressed mood as none(absence of a
symptom). The model struggles to understand that
depression does not always present as sadness
alone. In several cases, explicit denials of sadness
such as "l wasn'’t sad or crying anymore”, "l don’t
feel overwhelming sadness" or "But | never cry”
lead the model to assume that depression is not
present.

Instead of recognizing irritability and anger as
possible expressions of a depressed mood, it often
treats them as separate, unrelated emotions. State-
ments such as "I'm becoming extremely irritable”,
"constantly mad at little things" and "get really irri-
table" are frequently misclassified. This suggests
a narrow interpretation of depressive symptoms.

Similarly, the model often overlooks signs of so-
cial withdrawal. Expressions like "l had no friends"
or "Feel alone, that no one has my back" point to
isolation, yet these cues are not consistently recog-
nized.

The second misclassification pattern is the op-
posite of the first one — classifying sentences with-
out a symptom(the none label) as sentences with
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a depressed mood symptom. It appears to rely
heavily on keywords such as -sad- or -cry- with-
out adequately distinguishing between short-term
emotional responses and the persistent low mood.
This pattern is especially evident in sentences de-
scribing sadness triggered by specific events or
ordinary emotional experiences, such as "l feel sad
from time to time", "I cried so much", "Makes me
sad though", "Then | get sad" or "l have watched it
three times and | still cry every time."

Another prominent pattern among the misclas-
sified instances is the use of quantified sleep-
duration constructions without explicit negative
qualifiers, typically when explicitly using the key-
word sleep along with number of hours. Examples
include statements such as “I normally sleep for
7-8 hours”, “I slept 15 hours yesterday” and “I sleep
12 hours without waking up”. Although these sen-
tences describe excessive sleep in context, they
are linguistically framed as neutral behavioral re-
ports rather than explicit complaints. The absence
of strong distress markers (e.g., insomnia, can’t
sleep, exhausted) may cause models to interpret
them as routine or lifestyle descriptions, leading to
misclassification into the control class despite their
association with sleep disturbance and depressive
symptoms.

4. Conclusion

This study demonstrates the potential of zero-shot,
open LLMs for identifying depression symptoms
from short text. Our results show notable perfor-



mance differences across model sizes and archi-
tectures. We tested several models of different
sizes that belongs to different model families. In
our case, Qwen 2.5-7B shows the best results for
identifying DSM5 depression symptoms. In partic-
ular, it achieved fair agreement with DSM5 criteria
(Cohen’s k = 0.603), highlighting its capacity to ap-
proximate clinically relevant symptom classification.
Furthermore, a symptom-level analysis further re-
vealed that the model performs well in detecting
more explicit indicators, such as suicida thoughts,
while encountering difficulties to identify depressed
mood and anhedonia. Additionally, we observed
a systematic bias toward predicting the presence
of symptoms even in neutral text, underscoring the
need for improved calibration.

Our findings clarify where the model performs
reliably and where it falls short, providing direc-
tion for targeted refinements. Especially to reduce
critical false negatives in high-risk symptom cate-
gories. Overall, Qwen 2.5-7B shows promise as
a supportive tool for preliminary screening and au-
tomated symptom detection. However, we believe
that such approaches are not yet ready and should
not be used as a substitute for professional clinical
assessment.

5. Limitations and Future Work

This study has limitations that should be acknowl-
edged when interpreting the results. First, our eval-
uation focused on zero-shot performance with a
fixed prompt. While this approach was chosen
to assess the models’ general suitability for initial
depressive symptom screening, performance may
vary with different prompt formulations. Second,
we utilized a single, clinically-annotated dataset
(ReDSM5) derived from Reddit posts. This intro-
duces potential bias as the data may not fully rep-
resent the broader population of individuals experi-
encing depression. Furthermore, to simplify anal-
ysis, we focused solely on single-label instances,
neglecting the common occurrence of co-occurring
depressive symptoms represented in the dataset’s
limited multi-label examples.

Future research address the limitations by explor-
ing few-shot learning approaches and investigating
performance on multi-label instances. Specifically,
targeted experiments with few-shot learning could
reveal whether smaller models within the Qwen
family can achieve improved performance in identi-
fying depressive symptoms.

6. Ethics Statement

This study uses the ReDSM5 dataset, which is
available under restricted access subject to specific
terms and conditions. The data are anonymized
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and used exclusively for research purposes, with no
attempt to identify or re-identify individuals. Given
the sensitive nature of mental health content, the
proposed study is not intended for clinical diagnosis
or deployment without expert supervision.
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Abstract

Depression is a pressing global public health issue, yet publicly available Chinese-language resources for depression
risk detection remain scarce and largely focus on binary classification. To address this limitation, we release
CNSocialDepress, a benchmark dataset for depression risk detection on Chinese social media. The dataset
contains 44,178 posts from 233 users; psychological experts annotated 10,306 depression-related segments.
CNSocialDepress provides binary risk labels along with structured, multidimensional psychological attributes,
enabling interpretable and fine-grained analyses of depressive signals. Experimental results demonstrate the
dataset’s utility across a range of NLP tasks, including structured psychological profiling and fine-tuning large
language models for depression detection. Comprehensive evaluations highlight the dataset’s effectiveness and
practical value for depression risk identification and psychological analysis, thereby providing insights for mental
health applications tailored to Chinese-speaking populations.

Keywords: Depression Detection, Chinese Social Media, Benchmark Dataset, Mental Health

1. Introduction ical or psychological interviews (Shen et al., 2022;
Li et al., 2022b), which are expensive to collect,
Depressive disorders are among the most common  limited in size and diversity, and may not reflect the
mental health conditions worldwide and are charac-  informal, emotionally nuanced expressions typical
terized by persistent low mood or loss of interestin  of real-world online environments.
daily activities. According to a 2023 report' by the
World Health Organization (WHO), approximately
280 million people worldwide live with depression.
In China, a 2024 survey by the Chinese Center
for Disease Control and Prevention (Wang et al.,
2024a) estimates that around 95 million individuals
are affected by depression. Of the approximately
280,000 suicides reported annually in China, 40%
are linked to depressive disorders. Moreover, re-
search (Wang et al., 2024a) shows that depression
is strongly associated with both suicidal behavior
and non-suicidal self-injury.

Motivated by the urgent need to detect depres-
sion, researchers increasingly apply machine learn-
ing (ML) and natural language processing (NLP)
methods to automatically assess depression risk
(Squires et al., 2023; Hasib et al., 2023; Aleem et al.,
2022; Liu et al., 2024; Shi et al., 2024; Jia and Li, However, most existing datasets focus solely on
2024). While early efforts have shown promising re-  classification with binary or multi-class labels and
sults, they remain constrained by the limitations of  lack structured psychological insights or profes-
existing datasets. Traditional depression detection  sional validation. Moreover, generative models are
studies often rely on clinical data (Bittar et al., 2019;  increasingly used in mental health applications (Hu
Fernandes et al., 2018) or on transcripts from med- et al., 2024; Xu et al., 2024; Yang et al., 2024b; Lai

et al., 2023; He and Qu, 2025a; Gu et al., 2025;

To overcome these limitations, recent research
has shifted toward leveraging user-generated con-
tent on social media platforms (Bucur et al., 2025;
Harrigian et al., 2021; Li et al., 2025d; Jiang et al.,
2024; Cai et al., 2025a), which provides rich linguis-
tic signals and is more readily available. Such data
are also more easily anonymized, thereby alleviat-
ing some privacy concerns. Beyond these method-
ological advantages, social media has become an
important channel for emotional expression, espe-
cially in East Asian contexts (Zhou et al., 2023;
Yang and Li, 2009; Zhou et al., 2024; Yang et al.,
2025), where personal emotions may be expressed
more freely online than in face-to-face settings. As
a result, social media can provide richer and more
authentic linguistic signals for depression analysis.

*These authors contributed equally to this work. Cai et al., 2025b; Xu et al., 2025). Researchers in

TCorresponding Author. psychology and computational linguistics empha-

Thttps://www.who.int/news-room/fact-sheets/ size the need for datasets that combine risk labels

detail/depression with structured analyses, such as user profiles or
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survey-based explanations. Such datasets better
match real-world settings. Multifaceted insights can
support clinical decision-making and downstream
intervention.

Some recent efforts have introduced
summarization-style datasets for depression.
They leverage information extraction and auto-
mated summarization techniques (Sotudeh et al.,
2022, 2021; He and Qu, 2025b; Shi et al.). How-
ever, these datasets often rely on model-generated
content. The content is typically validated using
automatic metrics such as ROUGE (Lin, 2004).
They also lack annotation by mental health
professionals, which raises concerns about
domain-specific reliability and accuracy.

To address these challenges, we introduce
CNSocialDepress (CNSD), a publicly available
Chinese-language dataset for depression risk de-
tection that can be applied to the development of
early-stage depression detection tools. It pairs bi-
nary risk labels with structured psychological anal-
yses. All annotations are drafted and validated
by certified mental health professionals, ensuring
domain relevance and annotation quality. CNSD
supports multiple task paradigms. These include
binary classification, structured analysis genera-
tion, summarization, and fine-tuning large language
models (LLMs) for psychological reasoning.

Our contributions are fourfold:

» We release CNSD, a high-quality Chinese
dataset for depression risk detection that
combines binary labels with structured, inter-
pretable psychological analyses.

» We propose an expert-in-the-loop annotation
protocol with structured templates and quality
control.

+ We benchmark CNSD across diverse task set-
tings, including classification, structured anal-
ysis generation, summarization, and LLM fine-
tuning for psychological reasoning.

» We present and validate a pipeline for gen-
erating structured psychological analyses for
depression risk (Section 4).

2. Related Work
2.1. Existing Datasets for Depression
Detection

Current datasets for depression detection mainly
come from English-language social media plat-
forms such as Twitter, Reddit, Facebook, and In-
stagram (Shen et al., 2017; Parapar et al., 2022;
Zhang et al., 2021; Raihan et al., 2024; Li et al.,
2025c; Jiang et al., 2025). Common annotation
strategies include identifying self-disclosure (Yates
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et al., 2017; Bathina et al., 2021; Islam et al., 2018),
manual coding by clinical raters (Almouzini et al.,
2019; Yazdavar et al., 2020; Alhamed et al., 2024),
and symptom mapping (Seabrook et al., 2018; Al-
darwish and Ahmad, 2017; Zhang et al., 2022; Li
et al., 2025a). Symptom definitions are often based
on DSM-5 criteria (Association, 2013) and ques-
tionnaire instruments such as the PHQ-9 (Kroenke
et al., 2001).

Most datasets use binary labels. Others in-
corporate severity scales or symptom-specific
tags (Zhang et al., 2022; Mowery et al., 2017;
Guan et al., 2025). Multilingual resources also
exist for depression detection. They cover lan-
guages such as Spanish (Romero et al., 2024),
Arabic (Maghraby and Ali, 2022), Russian (Stanke-
vich et al., 2020), Portuguese (Santos et al., 2024),
Japanese (Yuka Niimi, 2021), and Thai (Hamalai-
nen et al., 2021). For Chinese, Sina Weibo is the
most common data source (Li et al., 2020; Shen
et al., 2018; Li et al., 2023; Guo et al., 2023; Yang
et al., 2021; Li et al., 2025b). Datasets such as
WU3D (Wang et al., 2020a) and SWDD (Cai et al.,
2023) are widely used.

2.2. Methodological Advancements

Early work relied on statistical representations such
as TF-IDF and hand-crafted features (Yang et al.,
2020; Li et al., 2022a). These features were typi-
cally paired with traditional machine learning classi-
fiers (Cortes, 1995; Breiman, 2001; McCallum et al.,
1998; Dreiseitl and Ohno-Machado, 2002; He et al.,
2026). With the rise of neural approaches (Schmid-
huber, 2015), representation learning became cen-
tral to depression detection. Embedding methods
such as Word2Vec (Mikolov et al., 2013) and neural
architectures including LSTMs (Sak et al., 2014),
CNNs (Kim, 2014), Transformers (Vaswani, 2017),
and BERT (Devlin et al., 2019) improved perfor-
mance.

Recently, large language models (LLMs) have
been explored for depression detection (Lan et al.,
2024; Hu et al., 2024; Xin Yan, 2023; Lai et al., 20283;
Li et al., 2026; He and Qu, 2025a; Shi et al., 2025).
They can produce predictions and generate natural-
language rationales or structured analyses, which
supports interpretability. LLM-based approaches
have also been used to improve explainability in
mental health analysis (Wang et al., 2024c; Yang
et al., 2024b; Xu et al., 2024; Yang et al., 2023; Hu
et al., 2024; Gu et al., 2025).

2.3. Summary and Gaps

Despite these efforts, few datasets include struc-
tured psychological analyses, especially for non-
English social media. Furthermore, available re-
sources often lack annotation by mental health
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Figure 1: Dataset construction process. We sample 116 positive (depressed) users and 117 negative
users from SWDD for expert annotation. Psychologists draft an initial guideline based on DSM-5 and
corpus statistics, and iteratively refine it through random cross-validation. The final gold-standard data
include a six-dimensional structured analysis summary for each user.

professionals, which limits practical utility. This
study addresses these limitations by presenting an
expert-validated Chinese-language dataset with de-
tailed structured annotations. The dataset provides
richer resources for depression risk detection and
analysis.

3. Construction of Dataset

Our raw data come from the SWDD dataset (Cai
et al., 2023), a user-level corpus collected from
Sina Weibo, one of the largest Chinese-language
social media platforms. The dataset includes two
user groups: depressed and non-depressed. Each
user has dozens to hundreds of Weibo posts. In ad-
dition to binary user labels, SWDD provides expert-
annotated user-level depression features based on
DSM-5 criteria® (Association, 2013).

From SWDD, we select 116 self-reported de-
pressed (positive) users who disclosed a clinical
diagnosis of depression in their posts, and 117 non-
depressed (negative) users as candidates. Each
selected user has at least 60 posts. The total length
of a user’s posts is at least 3,000 tokens, computed
using the Qwen2.5 tokenizer.3

To guide annotation, a team of psychology ex-
perts drafted an initial guideline based on DSM-5
criteria, the PHQ-9 (Kroenke et al., 2001), and prior
work on linguistic markers of depression in online
text (Mothe et al., 2022).

We define two levels of criteria. Primary crite-
ria cover objective statements with higher diagnos-
tic specificity, such as clinical symptoms, medical
records, and explicit self-reports. Secondary cri-

2DSM-5 Fact Sheets.
3Qwen2.5 tokenizer.
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teria capture subjective linguistic or emotional ex-
pressions with lower specificity, such as negative
phrasing and emotional intensity. This hierarchy
follows clinical principles that prioritize objective
symptoms over subjective perceptions. The guide-
lines cover six dimensions:

+ Dimension 1: Depressive psychological
state (primary). This dimension reflects loss
of self-worth, overwhelming guilt, and suicidal
ideation. Representative spans include inferi-
ority, apology, death, self-harm, and suicide.

Dimension 2: Medical expressions related
to depression (primary). This dimension cov-
ers mentions of medication use and clinical di-
agnoses, such as taking medication, venlafax-
ine, side effects, depression, anxiety disorder,
hospital, and doctor.

Dimension 3: Clinical symptoms related to
depression (primary). This dimension cap-
tures physiological or somatic changes, includ-
ing appetite or weight changes, sleep distur-
bance, fatigue, and physical pain. Represen-
tative spans include appetite, insomnia, sleep-
ing pills, nightmares, tiredness, headache, and
stomachache.

Dimension 4: Negative emotions (sec-
ondary). This dimension covers adverse emo-
tional states such as sadness, grief, anxiety,
loneliness, and despair.

Dimension 5: Potential external causes of
depression (secondary). This dimension
captures possible triggers such as intimate re-
lationship issues, family conflict, major social



Positive Negative (Non-

(Depressive) depressive)
NO. of Users 116 117
NO. of Texts 20,360 23,818
NO. of Tokens 1,024,978 1,115,951

Table 1: Dataset statistics.

events, and everyday stressors. Represen-
tative spans include divorce, parents, school,
teacher, and dropping out.

- Dimension 6: Language Use Patterns Re-
lated to Depression (secondary). This di-
mension captures linguistic patterns such as
negation, questions, and derogatory expres-
sions. Representative spans include / don'’t
know, | don't like myself, | don’t want to, | can’t
do it, why, and what should | do ?.

Each user has multiple posts. We treat each
post as the primary unit for review. Annotation
is performed on semantic spans within each post.
Each span is assigned to one of the six dimensions.
A post may contain multiple spans, and different
spans may belong to different dimensions.

Annotation was conducted by four senior re-
searchers with expertise in psychology and depres-
sion scales. Annotators were blinded to the original
binary labels in SWDD to ensure independent judg-
ment. They periodically cross-checked overlapping
samples to maintain consistency. Because the task
relied more on qualitative judgment than on fixed
quantitative criteria, the annotation guideline was
not set in stone from the outset. It was revised
in rounds as experts reviewed newly labeled data
and resolved disagreements through discussion,
and earlier annotations were corrected when the
updated standards called for it. Given this evolving
process, conventional inter-annotator agreement
scores are not directly applicable. Since our an-
notation follows a different scheme from SWDD
and all labeling was performed independently of
the original labels, some user-level labels in our
dataset differ from those in the original dataset.

This process yields the CNSD Gold set (100 pos-
itive and 100 negative users) and the CNSD Test
set (16 positive and 17 negative users). Figure 1
summarizes the construction process.

Each entry (Figure 2) contains a binary label and
a dimension-specific analysis. For each dimension,
the analysis provides an overall assessment. It
also lists post indices with brief justifications.

The overall statistics are presented in Table 1,
and the 10,306 dimension-level annotations are
summarized in Table 2.

\é Data Sample ﬁ

User id: user 61
User posts:

postl: 'You are really planning to leave, I just
don't believe it. Covering my eyes and closing my
ears, pretending you will come back. Deceiving

myself.', @
post2, post3. post4, post5, ....

Label: Depressed

Dim 1: Depressive psychological state
(primary)

Overall Assessment: The user presents a
persistent low mood accompanied by a diminished
sense of self-worth.

Post Selections: post_36 [self-negation],
post_37 [persistent low mood], post_62 [self-
negation], post_152 [nocturnal depressive mood],
post_230 [self-harm ideation], post_278 [anxiety
attack], post_275 [suicidal request], ...

Dim 2: Medical expressions related to

Overall Assessment: The posts mention medical
help-seeking behaviors related to depression, such
as clinical visits and antidepressant medication
use.

Post Selections: post_318 [hypnotic medication
use], post_321 [medication adherence], post_334
[distress during clinical follow-up], ...

Dim 3: Clinical symptoms related

Overall Assessment: The posts mention
depression-related clinical symptoms such as
insomnia and fatigue.

Post Selections: post_173 [insomnia], post_209
[hypersomnia], post_273 [sleep disturbance], ...

Dim 4: Negative emotions (secondary)

Overall Assessment: The posts frequently
express emotions such as sadness, hopelessness,
and anger.

Post Selections: post_1 [extreme sadness],
post_17 [hopelessness and helplessness], post_67

[crying], ...

Dim 5: Potential external causes

Overall Assessment: The posts mention external
stressors, such as stressful life events.

Post Selections: post_94 [workplace criticism],
post_101 [academic/school pressure], post_102
[social pressure], post_112 [social aversion], ...

Dim 6: Language Use Patterns Related to

Overall Assessment:The posts include crisis-
oriented statements, such as "I don't know what
to do” and "I want to die.”

Post Selections: post_18 [suicidal ideation],

post_203 [death wish], ...
=

8 &

Figure 2: A user-level annotated entry from CNSD-
Gold (English translations).




Dimension Negative User Positive User

Dim1 117 2127
Dim2 2 555
Dim3 126 768
Dim4 514 2933
Dim5 193 863
Dim6 231 1877
Total 1183 9123

Table 2: Dimension-level annotation statistics for
negative and positive users. This table reports
the number of expert-annotated depression-related
spans in each dimension. A single text may contain
multiple spans.

4. Automated Dataset Generation
Pipeline

Expert annotation requires substantial human ef-
fort and professional psychological expertise. As a
result, user-level depression-risk datasets for Chi-
nese social media remain scarce. To narrow this
gap, we develop an automated dataset genera-
tion pipeline. We use it to construct CNSD Sil-
ver from the SWDD binary classification dataset.
The pipeline is informed by the manually annotated
CNSD Gold dataset (Section 3).

To build CNSD Silver, we randomly sample 100
positive (depression-risk) users and 100 negative
(non-risk) users from SWDD. Each user contributes
dozens to hundreds of posts. We keep users with
at least 3,000 tokens in total.

The pipeline consists of two modules.

4.1. Module I: Dimension-Wise
Automatic Labeling

Module | uses a mid-sized model (Qwen2.5-
14B (Bai et al., 2023)) to automatically assign
posts to the six depression-related dimensions
(D = {D1,Da,...,Dg}). We fine-tune the model
on text-level training data curated from positive
users in CNSD Gold. After fine-tuning, the model
can assign each post to one or more dimensions.

Data preparation for fine-tuning Module 1.

1. For each dimension Dy, we extract posts from
positive users in CNSD Gold that contain at
least one annotated span of Dj. These posts
form a set S;..

2. We identify the dimension with the fewest train-
ing posts. The minimum count is nmin = 442,
which corresponds to depression-related med-
ical expressions:

min  ng = 442.

ke{1,2,...,6}

Nmin =

3. To balance dimensions, we downsample each
Sk 10 nmin When ng > nmin. This yields bal-
anced sets 5;

S/ _ Sk )
k RandomSubset(Si, nmin),

if n = nmin,

if ne > Nmin.

We obtain 6 x 442 labeled positive posts. Each
post is formatted using an instruction template
such as: “This post belongs to [category] be-
cause it mentions [evidence].” We further aug-
ment the labels with 20 paraphrased expres-
sions with the same meaning (Appendix A.2).

4. For negative training data, we split posts from
negative users in CNSD Gold into individ-
ual texts. We remove any text that contains
depression-related content in any dimension.
From the remaining texts, we uniformly sample
6 x 442 examples. We assign them negative
label expressions indicating that there is no
evidence for the target dimension (As with the
positive examples, we create 20 negative label
expressions to reduce overfitting; details are
provided in A.3).

5. We fine-tune Qwen2.5-14B with LoRA (Hu
etal., 2022) on the combined set of 2 x (6x442)
texts for 1 epoch. We use a learning rate
of 5 x 1072, with the prompt provided in Ap-
pendix A.4.

4.2. Module lI: Automatic Verification and
Summarization

In Module Il, we apply the fine-tuned Module
| model to label all posts for each user. We
then collect posts that are assigned to at least
one dimension. Next, we use DeepSeek-R1-
671B (DeepSeek-Al et al., 2025) to verify the as-
signed labels and the supporting evidence on a
case-by-case basis. After verification, we summa-
rize the collected posts using a few-shot prompting
setup. The prompt instructs the model to act as a
psychology expert and to produce structured sum-
maries aligned with CNSD Gold. We also provide
detailed requirements and gold-standard examples.
The full prompt is shown in Appendix A.7.

5. Experiments

We design our experiments to answer two research
questions. First, how effectively does our data
generation pipeline produce high-quality structured
annotations ? Second, how well do various large
language models (LLMs) perform on user-level de-
pression risk summarization and structured psycho-
logical analysis ?

Based on these questions, we conduct three sets
of experiments:



1. To assess the quality of model-generated six-
dimensional structured depression analyses.
We compare models fine-tuned on CNSD Gold
and CNSD Silver with baseline models and
few-shot prompting.

To evaluate the performance of these fine-
tuned models on user-level depression risk
classification.

To benchmark leading LLMs on a structured
depression analysis summarization task using
CNSD Gold.

In Section 5.5, we also use CNSD Gold as a test
set for binary depression classification. This further
illustrates the dataset’s versatility.

5.1.

We use the following generative baselines:
DeepSeek-R1-Distill-14B (DeepSeek-Al et al.,
2025), Qwen2.5-14B (QwenTeam, 2024), GPT-40%,
GPT-40-mini®, DeepSeek-R1-671B8 (DeepSeek-Al
et al., 2025), and Llama3-8B-Chinese-Chat (Wang
et al., 2024b). We summarize key characteristics
in Table A.1.

Baseline Models

5.2. Experimental Setup

We use NVIDIA A800 (80GB) and A100 (80GB)
GPUs. Unless otherwise specified, we set the gen-
eration temperature to 0.7. All fine-tuning experi-
ments use the LLaMA-Factory framework (Zheng
et al., 2024). We apply LoRA (Hu et al., 2022) for
1 epoch with a learning rate of 5 x 1075.

Our experiments have two parts. The first evalu-
ates the pipeline for data generation. The second
benchmarks models on the CNSD Gold dataset for
structured summarization and analysis generation.

For classification, we report accuracy, precision,
recall, and F1-score. For generation, we report
BLEU (Papineni et al., 2002), ROUGE-1 (Lin, 2004),
and BERTScore (Zhang et al., 2020).

5.3. Task I: Data Generation

We conduct experiments on the CNSD Test dataset.
We focus on two Qwen2.5-14B models fine-tuned
on CNSD Gold and CNSD Silver:

+ Qwen2.5-14B Gold: Fine-tuned on CNSD
Gold.

* Qwen2.5-14B Silver: Fine-tuned on CNSD
Silver. CNSD Silver is generated using the

*https://openai.com/index/hello-GPT-40/
Shttps://openai.com/index/

GPT-40-mini-advancing-cost-efficient-intelligence/

6https ://www.deepseek.com/

87

You are a professional in psychology
and text-based sentiment analysis.

Please determine whether the user is at risk of
depression based on the following six dimensions:

* Negative emotions (secondary criterion)

» Depressive psychological state (primary criterion)
« Depression-related clinical symptoms (primary
criterion)

* Potential external factors causing depression
(secondary criterion)

« Depression-related medical expressions (primary
criterion)

» Depression-related language expression patterns
(secondary criterion)

For each dimension, please cite the corresponding
text reference and provide a concise explanation.

& [Output Data Example]

- Answer: “Yes” or “No.”

- Briefly explain the manifestations in each of the
six dimensions, and cite the corresponding text
reference.

- In conclusion, “The user is at risk of
depression” or “The user is not at risk of
depression.”

Figure 3: Prompt used for Table 3.

pipeline in Section 4 on 100 positive and 100
negative users sampled from SWDD.

We compare these models with other baselines
in two aspects:

1. Depression risk classification performance.

2. Quality of the generated six-dimensional anal-
yses, including hallucinated or unsupported
content.

Unless noted otherwise, we use user-level gen-
eration. We concatenate all posts from a user as
input. We instruct the model to output a binary label
and a corresponding justification.

5.3.1. Six-Dimensional Structured
Depression Analysis

Prior work suggests that incorporating structured
knowledge can improve LLM outputs (Moiseev
et al., 2022). CNSD Gold and CNSD Silver pro-
vide fine-grained structured annotations across six
dimensions. They support user-level summariza-
tion and analysis of social media content. We hy-
pothesize that fine-tuning on these datasets can
reduce hallucinations. It may also improve gener-
ation quality compared to few-shot prompting and
larger models.

Table 3 compares different generation strategies
using automatic metrics. Our Pipeline achieves



Strategy BERTScore ROUGE-1 BLEU
Pipeline 0.791 0.478 0.288
FS:Qwen2.5 14B 0.649 0.076 0.075
FS:GPT-40 0.678 0.269 0.094
FS:GPT-40 Mini 0.674 0.170 0.070
FS:DeepSeek R1 671B 0.678 0.301 0.054
FS:DeepSeek R1 Distill -14B 0.6756 0.191 0.073

Table 3: Comparison of generation strategies on text quality. In the table, FS stands for Few-Shot. Pipeline
refers to the automated dataset generation pipeline proposed in Section 4, applied to our proposed dataset
in Section 3. The purpose is to show that, with the same prompt, our pipeline achieves the highest text
generation quality while meeting our task requirements. The prompt used in this experiment is shown in

Figure 3.

the best scores on all three metrics: BERTScore
(0.791), ROUGE-1 (0.478), and BLEU (0.288).
These results indicate stronger semantic alignment,
higher lexical overlap, and better n-gram preci-
sion. Few-shot (FS) prompting yields lower scores
across models, including Qwen2.5-14B, GPT-4o0,
and DeepSeek-R1-671B. Notably, DeepSeek-R1-
671B does not outperform the Pipeline. This sug-
gests that the proposed Pipeline produces text that
matches the reference more closely than few-shot
prompting, across both smaller and larger models.

We also compare the original Qwen2.5-14B
model with Qwen2.5-14B Gold and Qwen2.5-14B
Silver (Table 4). We use two complementary eval-
uation methods.

+ Automatic metrics. The original model
achieves a BERTScore of 0.649. It increases
to 0.764 for Gold (+16.9%) and 0.787 for Silver
(+21.5%). ROUGE-1 rises from 0.076 to 0.217
for Gold (+172%) and 0.218 for Silver (+172%).
BLEU improves from 0.075 to 0.186 for Gold
(+149%) and 0.237 for Silver (+218%).

Human evaluation. Two linguistic experts
evaluate accuracy, coverage, and hallucina-
tion. Compared to the original Qwen2.5-14B,
both Gold and Silver improve substantially. Sil-
ver increases by 33.4% in accuracy and 37.1%
in coverage. lts hallucination score increases
by 15.5% (higher is better). Gold achieves
larger gains. Accuracy increases by 42.9%
and coverage increases by 58.0%. The hal-
lucination score increases by 26.8%. Overall,
Gold performs best in human evaluation. Sil-
ver is slightly behind but remains close to Gold
and clearly outperforms the original model.

In summary, Gold performs best in human evalu-
ation. Silver performs better on automatic metrics.
Both models substantially outperform the original
model. These results show that fine-tuning with
our dataset and pipeline can improve generation
quality at semantic, lexical, and structural levels.
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5.3.2. Classification Task

In the depression classification task, Qwen2.5-14B
Silver achieves the best performance among all
models. It reaches an accuracy of 0.944 and an
F1 score of 0.941. It also surpasses Qwen2.5-
14B Gold, which is fine-tuned on human-annotated
data. Moreover, it outperforms large-scale models
such as GPT-40 (accuracy = 0.917, F1 = 0.923)
and DeepSeek-R1-671B (accuracy = 0.861, F1 =
0.872). These results support the effectiveness
of our generation pipeline and suggest that the
resulting silver data are of high quality. Detailed
results are reported in Table 5.

5.4. Task II: Structured Summarization
and Analysis Generation

Our dataset supports research on generative mod-
els for depression risk assessment from social me-
dia. It is particularly useful for user-level summa-
rization of depressive signals. To the best of our
knowledge, there is no directly comparable open-
source dataset with the same annotation schema.
We therefore conduct an initial benchmark of main-
stream generative models on our annotated dataset
of 233 users. Results are reported in Table 6.
We use the following prompt:

« Instruction: Read the following texts written
by one user. Then answer the question.

* Question: Based on these texts, does this
user exhibit a depressive mood ?

— If the user exhibits a depressive mood,
answer Yes.

— If the user does not exhibit a depressive
mood, answer No.

» Output requirements: Provide a brief justifi-
cation based on evidence from the texts. Then
produce a structured summary aligned with
the annotation schema.



Model BERTScore ROUGE-1 BLEU Human.acc Human.cov Human.hallu
Qwen2.5-14B 0.649 0.076 0.075 0.583 0.574 0.657
Qwen2.5-14B Silver 0.787 0.218 0.237 0.778 0.787 0.759
Qwen2.5-14B Gold 0.764 0.217 0.186 0.833 0.907 0.833

Table 4: Comparison of generation quality across models. Qwen2.5-14B Gold is fine-tuned on CNSD Gold.
Qwen2.5-14B Silver is fine-tuned on CNSD Silver, which is generated by our pipeline (Section 4). We
report automatic metrics (BERTScore, ROUGE-1, BLEU) and human evaluation metrics: acc (accuracy),
cov (content coverage), and hallu (hallucination; higher is better). Higher values indicate better perfor-

mance for all metrics.

Model Accuracy Recall Precision F1

Qwen2.5-14B 0.889 0.944 0.850 0.894
Qwen2.5-14B (FT, Silver) 0.944 0.889 1.000 0.941
Qwen2.5-14B (FT, Gold) 0.861 0.889 0.842 0.864
GPT-40 0.917 1.000 0.857 0.923
GPT-40-mini 0.667 1.000 0.600 0.750
DeepSeek-R1-671B 0.861 0.944 0.801 0.872
DeepSeek-R1-Distill-14B 0.889 1.000 0.818 0.900

Table 5: Comparison of Models for Generated Dataset Quality: Application to Classification Tasks.

The results vary across models. BERTScore
falls in a narrow range (0.654-0.710), with GPT-40
achieving the highest score. ROUGE-1 is highest
for DeepSeek-R1-671B (0.454), which exceeds the
second-best model (GPT-40 at 0.346) by an ab-
solute margin of 0.108. BLEU ranges from 0.093
(Qwen2.5-7B) to 0.152 (GPT-40).

Model BERT ROUGE- BLEU
Score 1
Llama3-8B 0.654 0.194 0.122
GLM4-9B-Chat 0.694 0.208 0.140
Qwen2.5-7B 0.680 0.208 0.093
DeepSeek-R1-671B 0.698 0.454 0.125
GPT-40-mini 0.696 0.166 0.126
GPT-40 0.710 0.346 0.152

Table 6: Model performance on the depression risk
summarization and analysis generation task.

5.5. Task lll: Classification Experiments

Our dataset is primarily designed for generation
tasks. We also conduct a binary classification ex-
periment for depression risk. In addition to our
dataset, we use the original SWDD and WU3D
datasets. For each dataset, we randomly sample
200 positive and 200 negative users.

Besides the generative models described in
Appendix A.1, we evaluate BERT-based classi-
fiers (Devlin et al., 2019). Implementation details
are provided in Appendix A.5. Results are reported
in Appendix A.6.

89

6. Conclusion

We introduce CNSocialDepress, a new dataset
for depression risk analysis from Chinese social
media. To our knowledge, it is among the first to
provide both user-level and text-level labels. The
dataset combines binary depression indicators with
fine-grained six-dimensional analyses annotated
by mental health professionals. We also develop
an automated data generation pipeline. It reduces
manual annotation effort and supports language
model fine-tuning for classification and summariza-
tion. We expect CNSocialDepress to be useful
for a range of research and applications, support-
ing early risk identification and downstream mental
health interventions.

7. Limitations

While CNSocialDepress provides a valuable re-
source for depression risk analysis on Chinese
social media, several limitations should be noted.
First, the dataset is sourced exclusively from Weibo.
This may introduce platform-specific demographic
biases, such as the underrepresentation of rural or
elderly populations.

Second, linguistic diversity is not fully captured.
This includes dialectal variation and metaphorical
expressions that are common in Chinese depres-
sive discourse. This limitation may reduce gener-
alizability across regions. Third, expert annotation
ensures high quality, but it limits scalability. It also
results in a relatively small dataset.

In addition, the current structured analyses focus
primarily on depressive symptoms. They omit co-



morbid mental health conditions (e.g., anxiety) and
broader social context. Future work will expand
data collection to multiple platforms. We also plan
to update lexicons to capture emerging expressions.
Finally, we will explore hybrid annotation frame-
works (e.g., expert-guided crowdsourcing) to im-
prove coverage and efficiency. Privacy-preserving
techniques and longitudinal tracking can further
strengthen ethical and practical utility.

8. Ethics Statement

This dataset is built upon the SWDD bench-
mark (Cai et al., 2023), released in early 2023. The
original data consist of user-level posts from Weibo.
They were annotated by psychology experts based
on DSM-5 criteria.

During re-annotation, we applied a second round
of de-identification to protect privacy. We remove
personal information, geographic locations, and
other potential identifiers from the texts. We fol-
low recommended data protection practices Ben-
ton et al. (2017) and comply with the GDPR (Gen-
eral Data Protection Regulation).” We also recruit
experienced researchers in depression-related psy-
chology to provide expert annotations.

This dataset is intended for research on depres-
sion risk identification and for building assistive
models. It can support multi-dimensional analysis
of risk-related signals and the generation of struc-
tured summaries. It is not designed for clinical diag-
nosis, triage, or treatment decisions. Any outputs
should be used only as references for professionals
or as a self-assessment aid.

No algorithmic system can replace in-person psy-
chiatric evaluation or provide a definitive diagnosis.
If a system built on this dataset flags a high-risk
case, users should be encouraged to seek profes-
sional help. The same applies to individuals with
persistent mood disturbances or impaired function-
ing. Online self-assessment tools cannot substitute
for clinical evaluation.
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A.1.

A. Appendix

Baseline Models

+ DeepSeek-R1 is a large-scale model designed
for complex reasoning. It performs well on
tasks such as mathematics and program-
ming, while remaining competitive on general-
purpose benchmarks. We include it as a
strong reasoning-oriented baseline for struc-
tured psychological analysis and depression
risk assessment.

» DeepSeek-R1-Distill-14B is a distilled rea-
soning model derived from Qwen2.5-14B via
knowledge distillation. It aims to retain key
reasoning capabilities at lower computational
cost. We include it as an efficient baseline for
depression risk analysis.

* Qwen2.5-14B is a large language model from
the Qwen series. It provides strong instruc-
tion following and long-form generation. We
include it as a Chinese-capable baseline for
generating structured psychological analyses
from social media posts.

* GPT-40 is a multimodal large language model
released by OpenAl. It supports multilingual
generation, including Chinese. We include it
as a strong general-purpose baseline for de-
pression detection and psychological analysis.

* GPT-40-mini is a smaller model in the GPT-40
family. It is designed for efficiency and lower
inference cost. We include it as a lightweight
baseline for depression risk identification and
structured summarization.

+ Llama3-8B-Chinese-Chat, derived from
Meta-Llama-3-8B, is an instruction-tuned
model for Chinese dialogue. It supports both
Chinese and English inputs. We include
it as a Chinese dialogue-oriented baseline
for user-level depression risk analysis and
generation.

A.2. 20 Randomly Generated Expression

for the Positive Users

1. Carefully read the complete user Weibo text
below and extract key information across six
specified dimensions according to the content.
Also pay attention to the user’s depressive
state, ensuring that each dimension’s explana-
tion is consistent with this state.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - For each dimension,
if evidence exists in the text, provide the text
index (e.g., text_xx, 3XZ%_xx) and a brief note



(e.g., text_xx[sad]). - If no evidence is found
for a dimension, state clearly that no relevant
evidence was found.

Note: Only output text index and explanation,
not the actual text.

. Read the entire user Weibo text below and,
based on its content, extract core information
under the following six dimensions. Also con-
sider the user’s depressive status, ensuring
that each dimension’s description matches this
state.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - For each dimension,
if relevant information is detected, provide the
text index (e.qg., text_xx, X 4<_xx) and a short
note (e.g., text_xx[unhappy]). - For dimensions
without evidence, explicitly state no relevant
evidence found.

Note: Output should include only text index
and explanation, not the actual text.

. Read through the complete user Weibo text
below and extract key information across six
dimensions based on its content. Pay close
attention to the user’s depressive state, ensur-
ing that the explanations are consistent with it.
[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If relevant evidence
is found in a dimension, provide the text index
(e.g., text_xx, L Z<_xx) and a short note (e.g.,
text_xx[sorrow]). - If no evidence is found, in-
dicate explicitly.

Note: Provide only indices and explanations,
not the original content.

. Carefully read the full Weibo text below and
extract key evidence across six dimensions
according to the text. At the same time, take
into account the user’s depressive state, en-
suring that explanations for each dimension
align with this state.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - For each dimension,
if there is corresponding evidence, output the
text index (e.g., text_xx, 3L7Z%_xx) and a related
note (e.g., text_xx[frustrated]). - If no evidence
is found, state that no evidence exists.

Note: Only provide text indices and notes, not
the raw text.

. Please read the full Weibo text below and ex-
tract key information from six dimensions. At
the same time, pay attention to the user’s de-
pressive state, ensuring that your explanations
match this state.

[Input] User depressive state: {label}, Full
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Weibo text: {text}.

[Output requirements] - For each dimension,
if evidence is detected, output the text index
(e.g., text_xx, LA _xx) and a short descrip-
tion (e.g., text_xx[sadness]). - If no evidence
is found, specify that no evidence was found.
Note: Only output text indices and explana-
tions, not the original text.

. Read the complete Weibo text below carefully

and extract key information across six dimen-
sions based on the text. Pay attention to the
user’s depressive state and ensure that your
descriptions are consistent with it.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If relevant evi-
dence is found, provide the text index (e.g.,
text_xx, 3UA_ xx) and a brief description (e.g.,
text_xx[low mood]). - If no evidence is found,
clearly state that no evidence exists.

Note: Only provide text indices and explana-
tions, not the original text.

. Please read through the complete user Weibo

text below and extract key information across
six dimensions based on its content. Pay at-
tention to the user’s depressive state, ensuring
that each explanation is aligned with this state.
[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - For each dimen-
sion, if evidence exists, provide the text index
(e.g., text_xx, 3Z_xx) and a short note (e.g.,
text_xx[loss]). - If no evidence is found, clearly
state no relevant evidence.

Note: Only provide text indices and notes, not
the original text.

. Read the Weibo text below and extract key ev-

idence across six dimensions according to the
content, while considering the user’s depres-
sive state to ensure explanations are consis-
tent.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If a dimension con-
tains relevant evidence, provide the text index
(e.g., text_xx, L A<_xx) and a short note (e.g.,
text_xx[low mood]). - If no evidence is found,
state explicitly that no evidence exists.

Note: Output only text indices and explana-
tions, not the original text.

. Read the complete Weibo text carefully and

extract key evidence across six dimensions
based on the text. Pay attention to the user’s
depressive state, ensuring that explanations
match this state.

[Input] User depressive state: {label}, Full



10.

11.

12.

13.

Weibo text: {text}.

[Output requirements] - For each dimension,
if relevant evidence is found, output the text
index (e.g., text_xx, X Z_xx) and a brief ex-
planation (e.g., text_xx[depressed]). - If no
evidence is found, state explicitly that there is
none.

Note: Provide only text indices and notes, not
the original text.

Read through the entire Weibo text and ex-
tract core information across six dimensions
according to the content. Pay attention to the
user’s depressive state and ensure that the
descriptions are consistent with this state.
[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - For each dimension,
if relevant evidence exists, output the text in-
dex (e.g., text_xx, 3L Z_xx) and a short ex-
planation (e.g., text_xx[pessimistic]). - If no
evidence is found, state clearly that no evi-
dence exists.

Note: Only output text indices and explana-
tions, not the original content.

Please read the user Weibo text below com-
pletely and extract essential information across
six dimensions. Ensure that the explanations
for each dimension align with the depressive
state given.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If relevant evi-
dence is detected, list the text index (e.g.,
text_xx, 3XZ%_xx) and a short description (e.g.,
text_xx[melancholy]). - If no evidence is found,
specify that no evidence was detected.

Note: Output should only contain indices and
notes, not the actual text.

Read carefully the full Weibo text provided and
extract key evidence from six dimensions. Pay
attention to the user’s depressive state, en-
suring that outputs remain consistent with this
state.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If a dimension con-
tains evidence, output the text index (e.g.,
text_xx, X Z<_xx) and a concise note (e.g.,
text_xx[disheartened]). - If no evidence ex-
ists, specify so.

Note: Output indices and explanations only,
not original content.

Please go through the complete Weibo text
below and identify critical information across
six dimensions. Ensure the notes correspond
with the user’s depressive condition.
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14.

15.

16.

17.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - Where evidence
is found, list the text index (e.g., text_xx,
X Z5_xx) with a short explanation (e.g.,
text_xx[downhearted]). - If no evidence is de-
tected, indicate explicitly.

Note: Provide only text indices and notes, ex-
cluding original text.

Read carefully the following Weibo text and
extract evidence across six preset dimensions.
Make sure the explanation for each aligns with
the depressive state.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If evidence exists
for a dimension, output the text index (e.g.,
text_xx, 3L A_xx) and a short remark (e.g.,
text_xx[low mood]). - If no evidence is found,
specify clearly.

Note: Output only indices and remarks, not
the raw text.

Read through the following Weibo text and ex-
tract major evidence across six given dimen-
sions. Ensure the output is consistent with the
depressive state specified.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If evidence is found,
provide the text index (e.g., text_xx, LA xx)
with a brief note (e.g., text_xx[hopeless]). - If
no evidence appears, state clearly.

Note: Only provide indices and notes, not orig-
inal text.

Please carefully review the Weibo text below
and extract key information from six preset
dimensions. All notes must align with the de-
pressive condition of the user.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If there is evidence,
output the corresponding text index (e.g.,
text_xx, X Z<_xx) and a short remark (e.g.,
text_xx[emotional slump]). - If not found, spec-
ify clearly that none exists.

Note: Only include indices and notes, no origi-
nal content.

Please go through the complete Weibo text
and extract the critical information across six
given dimensions. Make sure your notes are
consistent with the depressive state provided.
[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - For each dimension,
if evidence is found, provide the text index (e.g.,
text_xx, LA _xx) with a concise explanation



18.

19.

20.

(e.g., text_xx[feeling low]). - If no evidence ex-
ists, indicate so.

Note: Only output indices and explanations,
not actual text.

Carefully read the Weibo text provided and ex-
tract important evidence across six specified
dimensions. Keep the explanations aligned
with the depressive state.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If a dimension con-
tains evidence, state the text index (e.g.,
text_xx, 3L A&_xx) and a short remark (e.g.,
text_xx[upset]). - If not, state that no evidence
is found.

Note: Output only indices and remarks, not
text.

Read the Weibo text completely and extract
relevant evidence from six dimensions. En-
sure each dimension’s note is consistent with
the depressive state given.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If relevant evidence
is detected, provide the text index (e.g.,
text_xx, LA _xx) and short description (e.g.,
text_xx[distressed)]). - If not found, state clearly
no evidence.

Note: Only indices and notes, exclude text it-
self.

Please read through the following full Weibo
text and extract essential evidence across six
preset dimensions. Ensure all notes are con-
sistent with the depressive state.

[Input] User depressive state: {label}, Full
Weibo text: {text}.

[Output requirements] - If evidence is found,
provide the text index (e.g., text_xx, XA _xx)
and a short explanation (e.g., text_xx[worry]).
- If no evidence is detected, state that explicitly.
Note: Only indices and explanations, not origi-
nal text.

A.3. 20 Distinct Label Expressions for

1.

the Negative Users

"This text does not contain any expressions
of negative emotions, nor does it involve any
dimensions of depression."

"There are no descriptions related to nega-
tive emotions in the text, so it does not fit any
depression-related dimensions."

"This text does not include expressions of neg-
ative emotions, and therefore it is not classified
under any depression dimensions."
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

. "The content does not reflect negative emo-

tions and does not belong to any depression
indicators."

. "This passage contains no expressions of neg-

ative emotions and is not applicable to any
depression dimensions."

. "There are no descriptions of negative emo-

tions in the text, so it is not classified under
any depression-related dimensions."

. "This content does not exhibit negative emo-

tions and therefore does not involve any de-
pression dimensions."

. "The text does not contain any expressions

related to negative emotions, nor does it meet
the criteria for depression dimensions."

. "There are no signs of negative emotions in this

text, so it does not belong to any depression
dimension."

"The text does not describe negative emotions
and does not cover any depression-related di-
mensions."

"This passage does not contain any expres-
sions related to negative emotions and is not
within the scope of depression dimensions."

"The content does not include expressions of
negative emotions, so it does not fall into any
depression dimensions."

"There are no expressions of negative emo-
tions in the text, nor does it meet the criteria
for depression dimensions."

"This text does not exhibit any negative emo-
tions and does not involve any depression di-
mensions."

"This content does not include descriptions of
negative emotions and therefore is not classi-
fied under any dimensions of depression."

"The text does not show any negative emotions
and is not applicable to depression-related di-
mensions."

"No expressions of negative emotions are seen
in this passage, so it does not meet any de-
pression dimension standards."

"There are no expressions of negative emo-
tions in the text, so it does not belong to any
depression dimension."

"This text does not display any expressions re-
lated to negative emotions and does not cover
the dimensions of depression."



20.

A4,

"The content lacks descriptions of negative
emotions and is therefore not classified under
any depression dimensions."

Instructions for the Fine-Tuning
Process

Complete Instruction = Task Instruction +
Supplementary Instruction

Task Instruction:
This task involves the following 6 dimensions of
depression:

Potential External Causes of Depression (Sec-
ondary Judgment Criterion)

Depression-Related Clinical Symptoms (Pri-
mary Judgment Criterion)

Depression-Related Language Expression
Patterns (Secondary Judgment Criterion)

Depression-Related Medical Expressions (Pri-
mary Judgment Criterion)

Depressive Psychological State (Primary Judg-
ment Criterion)

Negative Emotions (Secondary Judgment Cri-
terion)

Supplementary Instructions (randomly select
one):

1.

"Please read the following text segment and
determine whether it contains any of the above
6 expressions of depressive emotion, and pro-
vide a brief explanation; if none is present,
please indicate that the text does not belong
to any depression dimension."

"Read the following text and analyze whether
it demonstrates any one of the aforementioned
6 depressive emotion expression dimensions,
and provide a brief explanation; if such expres-
sion is absent, please indicate that the text
does not correspond to any dimension.”

"Please carefully read the following text seg-
ment and confirm whether any one of the 6 de-
pressive emotion expression dimensions men-
tioned above exists, and include a brief expla-
nation; if not, please state that the text does
not belong to any dimension."

. "Please read the following content and deter-

mine whether it embodies any one of the above
6 depressive emotion expression dimensions,
and provide a brief explanation; if not, please
indicate that the text does not cover any de-
pression dimension."
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10.

11.

12.

13.

"Read the following text segment and deter-
mine whether it contains any one of the 6
depressive emotion expressions mentioned
above, and provide a concise explanation; if
not, please state that the text does not belong
to any depression dimension."

. "Please read the following text and determine

whether any one of the above 6 depressive
emotion expression dimensions appears, and
include a brief explanation; if not, please in-
dicate that the text does not meet any dimen-
sion."

"Read the following text and check whether
any one of the above 6 depressive emotion ex-
pression dimensions is presented, and provide
a brief explanation; if not, please state that the
text does not belong to any dimension."

"Please review the following text segment and
determine whether any one of the above 6 de-
pressive emotion expression dimensions ex-
ists, and provide a brief explanation; if not, then
indicate that the text does not belong to any
dimension."

. "Read the following text and confirm whether

any one of the above 6 depressive emotion
expression dimensions is embodied, and pro-
vide a brief explanation; if not, please state
that the text does not involve any depression
dimension."

"Please read the following content and deter-
mine whether it contains any one of the 6 de-
pressive emotion expression dimensions men-
tioned earlier, and provide a brief explanation;
if not, please indicate that the text does not
belong to any dimension."

"Read the following text segment and verify
whether it demonstrates any one of the above
6 depressive emotion expression dimensions,
and include a brief explanation; if not, please
state that the text does not meet any dimen-
sion."

"Please read the following text and check
whether it exhibits any one of the above 6 de-
pressive emotion expression dimensions, and
provide a brief explanation; if not, please indi-
cate that the text does not cover any depres-
sion dimension."

"Read the following text and confirm whether
any one of the 6 depressive emotion expres-
sions mentioned above exists, and include a
brief explanation; if such a feature is absent,
please state that the text does not belong to
any dimension."



14. "Please carefully read the following text seg-
ment and determine whether it embodies any
one of the above 6 depressive emotion ex-
pression dimensions, and provide a concise
explanation; if not, please indicate that the text
does not correspond to any dimension.”

15. "Read the following text segment and confirm
whether it contains any one of the above 6 de-
pressive emotion expression dimensions, and
provide a brief explanation; if not, please state
that the text does not involve any depression
dimension."

16. "Please read the following text segment and
determine whether any one of the 6 depressive
emotion expression dimensions mentioned
above appears in the text, and include a brief
explanation; if not, please indicate that the text
does not belong to any dimension."

17. "Read the following content and check whether
it contains any one of the above 6 depressive
emotion expression dimensions, and provide
a brief explanation; if not, please state that
the text does not belong to any depression
dimension."

18. "Please read the following content and deter-
mine whether any one of the above 6 depres-
sive emotion expression dimensions exists,
and provide a brief explanation; if not, please
indicate that the text does not involve any di-
mension."

19. "Read the following text segment and confirm
whether it demonstrates any one of the above
6 depressive emotion expression dimensions
mentioned above, and provide a brief explana-
tion; if not, please state that the text does not
meet any dimension."

20. "Please read the following text and determine
whether it contains any one of the above 6 de-
pressive emotion expression dimensions, and
provide a concise explanation; if not, please
indicate that the text does not belong to any
depression dimension."

A.5. BERT-based Models

BERT-base-chinese® follows the BERT-Base ar-
chitecture (Devlin et al., 2019) and is pre-trained
on large-scale Chinese corpora. It uses masked
language modeling (MLM) and next sentence pre-
diction (NSP). The model learns bidirectional rep-
resentations for Chinese text, typically at the char-
acter level.

8https://huggingface.co/google-bert/
bert-base-chinese

Chinese-RoBERTa-wwm-ext (Cui et al., 2019)
is based on RoBERTa (Liu et al., 2019b) and uses
whole word masking (WWM). It masks complete
words rather than individual characters during MLM.
This design can better capture word-level seman-
tics in Chinese. The extended pre-training (“ext”) on
large Chinese corpora further improves robustness
across NLP tasks.

StructBERT-mental (Wang et al., 2019) builds
on StructBERT, which incorporates structural objec-
tives during pre-training. It emphasizes word- and
sentence-level structure. In addition, it is adapted
for mental health text, which can benefit mental
health-related classification.
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A.6. Classification Performance Comparison

Model/Test Dataset Swdd Origin Wu3d CNSD (Gold)
Acc F1 Acc F1 Acc F1
RoBERTa Chinese (trained by swdd origin) 0.89 090 | 0.76 080 | 0.88 0.87
RoBERTa Chinese (trained by wu3d) 0.88 0.87 | 090 091 | 082 0.78
Bert based Chinese (trained by swdd origin) 0.89 090 | 0.76 0.80 | 0.85 0.82
Bert based Chinese (trained by wu3d) 0.88 0.87 | 090 091 | 0.83 0.80
StructBERT-mental (trained by swdd origin) 0.81 0.84 | 0.69 0.76 | 0.85 0.86
StructBERT-mental (trained by wu3d) 0.85 0.85 | 092 092 | 083 0.80
Llama3-8b 0.86 0.86 | 079 0.79 | 0.60 0.63
GIm4-9b-chat 0.76  0.81 0.77 0.81 | 0.79 0.82
Qwen2.5 7b 0.88 0.89 | 0.84 0.85| 094 0.94
GPT-40-Mini 0.65 0.74 | 065 0.74 | 0.53 0.68
GPT-40 092 092 | 091 092|083 0.86
DeepSeek-R1 671b 0.86 0.87 | 0.89 0.90 | 0.81 0.84

Table 7: Model Classification Performance Comparison on Different Test Datasets.
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A.7. Module Il Prompt

You are a professional psychologist and text sentiment analysis expert. Below is a set of sentence-by-
sentence analysis results generated by a smaller model concerning all of the user's Weibo posts, each result
presented in the format "Text Label: Analysis Content.” Please use your professional knowledge to review,
filter, and correct these analysis contents, and then produce a final comprehensive analysis report,

[Task Requirements]

1. Review and filter the sentence-by-sentence analysis provided by the small model, selecting those text
entries that are useful for generating the final report.

2. Check whether there is any classification error within these entries. If you discover that the small medel has
incorrectly assigned certain texts to an incorrect dimension (for example, classifying “"unhappy” incorrectly
under depression-related medical expressions), please correct it based on the actual semantics and
psychological knowledge, reassign it to a more reasonable dimension, or exclude that erroneous information
from the final report.

3. The user's depression status is [already known depression label]. Please ensure that the final comprehensive
analysis report is consistent with this label:

o If the label is "depressed,” each dimension in the report should fully reflect evidence related to
depression;

o If the label is "non-depressed,” then the report should net contain extensive mentions of depressive
features.

4. In your descriptions, please avoid using specific time quantifiers (such as "»2 weeks"), and instead use a
neutral description such as "multiple eccurrences.”

5. The final report should be organized under the following six dimensions:

Negative emotions (secondary judgment criterion)

Depressive psychological state (primary judgment criterion)

Depressive clinical symptoms (primary judgment criterion)

Potential external causes of depression (secondary judgment criterion)
Depression-related medical expressions (primary judgment criterion)
Depression-related language expression patterns (secondary judgment criterion)

L=l = s N T o N <

In each dimension, please cite the corresponding text label and provide a concise explanation, ensuring that
all classifications in the final report are your corrected judgments. The output must not contain any
references to internal corrections (such as “already removed” or “already fixed") or references to specific
error rates.

[Reference Gold Standard Answers Example]
[Positive Example]
{positive_example}

[Negative Example]
{negative_example}

[Sample Input Data]
User's known depression label: [{label}]
Small model's sentence-by-sentence analysis results:

{input}
[Task]

Please, based on the requirements above, review, filter, and correct the sentence-by-sentence analysis provided
by the small model, and then produce a final comprehensive analysis report. The report must be organized under
six dimensions, and in each dimension, please cite the corresponding text label along with a concise explanation.
Ensure that the final report, after your corrections, is consistent with the user’s known label [[already known
depression label]] , and that it directly reflects the corrected chain of evidence and judgment conclusions,
without including internal correction statements or specific time descriptors.

Now, please produce the final comprehensive analysis report.

Figure 4: Module Il Prompt.
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Abstract

Despite advancements in NLP-based mental health screening, research remains predominantly English-centric,
leaving under-resourced languages insufficiently explored. This study investigates depression detection in Modern
Greek social media through a series of experiments. We benchmark traditional machine learning (ML) models against
transformer architectures (GreekBERT, GreekSocialBERT, mBERT, and XLM-R) under two settings: a topic-oriented
control corpus and a high-similarity stress-test contrasting a gold case of a depressed user with a matched control.
Transformer models consistently outperform ML models (F1 = 0.95) but offer limited interpretability. To address this
limitation, we incorporate LIWC-derived psycholinguistic features with SHAP explanations to examine model behavior
in relation to established linguistic markers. The analysis reveals linguistic patterns consistent with depressive
symptoms, such as reduced work-related engagement, social withdrawal, and the motivational deficits character-
istically linked to anhedonia in clinical literature. Overall, the results provide a baseline for depression detection
in Modern Greek and underscore the importance of grounding automated screening in clinically interpretable evidence.

Keywords: depression detection, social media, mental health

1. Introduction

Natural Language Processing (NLP) research plays
a pivotal role in advancing mental health disorders
such as depression screening through the develop-
ment of sophisticated speech and text based mod-
els (Gomez-Zaragoza et al., 2025; Liu et al., 2022).
To date, research has predominantly utilized social
media data (De Choudhury et al., 2013; Eichstaedt
et al., 2018), with a heavy reliance on platforms
like X (formerly Twitter) and Reddit (Harrigian et al.,
2021). While the majority of these studies focus on
English-language resources, recent efforts have be-
gun to bridge the gap for other languages, including
Portuguese (Santos et al., 2023), German (Zanwar
et al., 2023), Arabic (Almouzini et al., 2019), and
Chinese (Zhang et al., 2024).

This shift toward linguistic diversity is exempli-
fied by recent efforts to consolidate multilingual re-
search, such as the first comprehensive survey of
mental disorder detection in non-English languages
(Bucur et al., 2025). Exploring diverse languages
is essential to determine whether linguistic cues of
depression are universal or subject to cultural and
contextual variation.

Notwithstanding this progress, two significant
gaps remain in the literature: (i) methodological
opacity; studies utilize Machine Learning (ML) or
Deep Learning (DL) architectures to classify de-
pressed vs. non-depressed individuals (Tadesse
et al., 2019; Husseini Orabi et al., 2018) which lack
interpretability required for clinical confidence and

(i) lack of explainability; existing methods fail to
provide the reasoning behind a classification. In
mental health contexts, it is crucial to understand
how automated markers correlate with established
clinical symptomatology (Zhang et al., 2022).

In this work, we present a comprehensive eval-
uation of text-based models using a social me-
dia dataset in Modern Greek (MG). Our study es-
tablishes a performance baseline for depression
screening in an under-resourced language, con-
tributing to the broader goal of linguistic inclusivity
in NLP. Furthermore, we leverage Linguistic Inquiry
and Word Count (LIWC) features (Pennebaker
et al., 2015) to enhance model interpretability. By
mapping specific linguistic patterns to classification
outcomes, we investigate the extent to which these
cues align with documented clinical symptoms of
depression.

The remainder of this paper is organized as fol-
lows: Section 2 provides a detailed description of
the Modern Greek datasets utilized in this study.
Section 3 outlines the experimental framework, de-
tailing the preprocessing pipeline and the selection
of both traditional baselines and transformer-based
models. In Section 4, we present the experimen-
tal results and analysis. Section 5 summarizes
our findings and suggesting avenues for future re-
search in multilingual mental health NLP.
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2. Dataset description

Previous research highlights the effectiveness of
self-disclosure statements, where users are iden-
tified based on explicit mentions of a depression
diagnosis, as reliable proxies for depression detec-
tion in social media corpora (Jagfeld et al., 2021;
Jamil etal., 2017; Coppersmith et al., 2015). Follow-
ing these established practices, our study utilizes
the Modern Greek depression and control corpora
compiled by Stamou et al. (2024).

In particular, the Depression Corpus (DC) was
developed by isolating tweets containing explicit
self-reports, specifically: ’| have been diagnosed
with depression. The dataset includes 51 unique
users, whose profiles underwent manual filtration
to exclude instances of humor, off-topic references,
and automated health news feeds. Subsequently, a
comprehensive corpus of 659,189 tweets was con-
structed by retrieving the longitudinal tweet history
for these individuals.

In addition to this, the work utilizes two distinct
control datasets. The first, Control Corpus 1 (CC1),
follows the framework of Chancellor and Choud-
hury (2020) and consists of non-depressed users
identified through random sampling. This dataset
was restricted to Greek-language users with no doc-
umented history of mental health disorders (i.e. no
reference to mental health issues). The second,
Control Corpus 2 (CC2), is a topic derived corpus to
ensure that the control group reflects the same the-
matic concerns typically expressed by users in the
depression group. By matching the control data to
these specific areas of interest, the authors aimed
to minimize thematic bias and ensure that classi-
fication relies on linguistic markers of depression
rather than mere differences in subject matter.

This combination of control corpora provided a
reliable, balanced foundation for subsequent de-
pression detection experiments. From the initial
pool of 659,189 tweets, we extracted randomly a
subset of 10K posts for the modeling phase. This
subsampling strategy was employed to ensure a
balanced distribution across the depression and
control classes, preventing model bias toward high-
volume users while maintaining computational effi-
ciency.

3. Experimental setup

3.1. Data preprocessing

The primary objective of this study was to develop a
binary classifier capable of distinguishing between
depressed and non-depressed individuals. To en-
sure high data quality before model training, the
corpora were preprocessed by removing URLs and
normalizing repetitive punctuation (e.g., “!!I”). We

utilized the Stanza library (Qi et al., 2020) for robust
tokenization and performed stopword removal to
reduce feature noise. Furthermore, we excluded all
tweets containing fewer than two words to ensure
sufficient linguistic context for the models.

3.2. Baseline

For the experiments, we employed PyCaret (Ali,
2020), an open-source tool that provides several
ML classifiers. This allowed for the systematic
benchmarking and comparison of twelve distinct
machine learning classifiers, leveraging its inte-
grated modules for model selection and perfor-
mance evaluation.

+ Linear & Statistical: Logistic Regression (LR),
Linear Discriminant Analysis (LDA), Quadratic
Discriminant Analysis (QDA), SVM (Linear Ker-
nel), and Naive Bayes (NB)

» Tree-Based: Random Forest (RF), Extra Trees
(ET), AdaBoost, and Decision Trees (DT)

» Distance Based: K-Neighbors (KNN) and
Multi-layer Perceptron (MLP)

» Baseline: A Dummy Classifier was included
for performance comparison.

Text was encoded using two distinct feature ex-
traction approaches:

» TF-IDF vectorization: We used an n-gram
range of (1, 3) with a maximum of 5,000
features. This approach mitigates the dom-
inance of high-frequency words by calculating
the Term Frequency-Inverse Document Fre-
quency, thereby amplifying the significance of
rare, semantically rich terms.

» LIWC Lexicon: Features were extracted using
the Linguistic Inquiry and Word Count (LIWC)
tool. Unlike the TF-IDF approach, punctuation
and accentuation were retained here, as the
LIWC dictionary utilizes these markers to cap-
ture psychological and emotional states. In
Greek, removing diacritics may merge distinct
lexical forms, potentially affecting LIWC cate-
gory assignments. Additionally, punctuation
marks (e.g., exclamation and question marks)
contribute to the detection of affective intensity
and cognitive processes, which are central to
LIWC-based analysis.

Experiments were conducted using an 80/20
train-test split with 5-fold cross-validation. Dataset
splitting was performed at the user level rather than
the tweet level. Specifically, tweets were grouped
by unique user IDs prior to splitting, ensuring that
all tweets from a given user appear exclusively in
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either the training or test set. All feature variables
were scaled using Z-score normalization to ensure
a mean of 0 and a standard deviation of 1.

3.3. Transformer-based models

We evaluate several transformer-based models to
assess the impact of different pretraining corpora
on depression detection in MG:

* bert-base-greek-uncased-vl: A BERT
model specifically trained on Modern Greek
corpora.

* greeksocialbert-base-v2: A model pre-
trained on Greek social media data, potentially
capturing platform-specific nuances.

* bert-base-multilingual-cased: A
multilingual model trained on 104 languages,
including Greek.

* xlm-roberta-base: A robust multilingual
model optimized for cross-lingual transfer.

All models were fine-tuned for 4 epochs with a
learning rate of 10~5 and a batch size of 16. The
experiments were executed in a Google Colabora-
tory environment equipped with 12 GB of Virtual
Memory and an NVIDIA Tesla T4 GPU. For the
machine learning baselines described in Section
3.2, all feature variables (TF-IDF and LIWC) were
scaled using Z-score normalization to ensure a
mean of 0 and a standard deviation of 1. To ensure
the reproducibility of our results, the session seed
was fixed to 123.

4. Results

This section presents the experimental results on
depression detection and their analysis.

4.1.

Evaluation on the CC2 We conducted the ex-
periments on a a balanced sample of the corpus,
consisting of 10K tweets in total (5,000 from the
depression corpus and 5,000 from the CC2 control
group). As illustrated in Table 1, we observed that
increasing the training set size beyond this point
yielded diminishing returns. Doubling the corpus
to 40K tweets resulted in only marginal gains in
the F1-score, suggesting that 10K tweets provide a
sufficient representation of the underlying linguistic
patterns for this task.

Table 2 summarizes the performance of twelve
classifiers using LIWC features. The evaluation
includes standard metrics such as Accuracy, Preci-
sion, Recall, and F1-score, along with the Kappa
statistic, which assesses the agreement between

Baseline

Train Size Acc Prec Rec F1 Frac
10k 0.9400 0.9434 0.9367 0.9398 0.9399
20k 0.9534 0.9498 0.9575 0.9536 0.9534
40k 0.9576 0.9453 0.9716 0.9582 0.9576

Table 1: Performance as a function of training set
size.

predicted and true labels while accounting for
chance. Additionally, the Matthews Correlation Co-
efficient (MCC), a robust measure that considers
true and false positives and negatives, is presented.

At first glance, based on the Accuracy metric, the
top-performing models are LightGBM (F1 =0.7123)
and Extra Trees (F1 = 0.6779). However, a closer
look reveals a small imbalance between precision
and recall across these models. Beyond predictive
power, a primary goal of this study is to ensure
model interpretability. Tree-based ensembles are
particularly suited for this, as they allow for the ex-
traction of feature importance and decision paths.
Consequently, we selected the Extra Trees Classi-
fier ('et’) as our primary model for further analysis,
as it offers a superior balance between competi-
tive performance and the transparency required for
LIWC feature interpretation.

Table 2: Classification results with LIWC features
on the CC2.

Model Acc. AUC Rec. Prec. F1 K MCC

LightGBM 0.7170 0.7938 0.7014 0.7238 0.7123 0.4339 0.4343
Extra Trees 0.7128 0.7759 0.6055 0.7706 0.6779 0.4256 0.4358
Random Forest 0.7125 0.7807 0.6122 0.7652 0.6801 0.4248 0.4336
Grad. Boosting  0.7125 0.7873 0.7134 0.7117 0.7125 0.4249 0.4250
AdaBoost 0.7086 0.7792 0.7262 0.7011 0.7134 0.4172 0.4175
KNN 0.6555 0.7148 0.7480 0.6309 0.6844 0.3112 0.3168
Decision Tree 0.6461 0.6157 0.6693 0.6392 0.6539 0.2923 0.2927
QDA 0.6161 0.7437 0.8449 0.5794 0.6874 0.2326 0.2616

Naive Bayes 0.6000 0.7452 0.8630 0.5652 0.6831 0.2004 0.2356
Linear SVM 0.5782 0.5578 0.7244 0.5571 0.6263 0.1566 0.1696
Ridge 0.5450 0.6182 0.5604 0.5432 0.5516 0.0901 0.0902
LDA 0.5450 0.6182 0.5604 0.5432 0.5516 0.0901 0.0902
Logistic Reg. 0.5440 0.6151 0.5576 0.5423 0.5498 0.0881 0.0882
Dummy 0.5005 0.5000 0.0000 0.0000 0.0000 0.0000 0.0000

Interestingly, when switching to TF-IDF features (Ta-
ble 3), performance improved significantly across
all models, with Ridge and LDA exceeding 0.87 in
accuracy. This suggests that while LIWC captures
psychological markers, the broader lexical variety
captured by TF-IDF provides stronger discrimina-
tive signals for this task.

4.2. Model interpretability and feature
analysis

Building on the selection of the Extra Trees Classi-
fier for its balance of performance and transparency,
we conducted a feature attribution analysis to iden-
tify the linguistic markers of depression. To better
understand which linguistic features most influence
predictions, we analyzed SHAP (SHapley Additive
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Table 3: Classification results with TFIDF features
on the CC2.

Model Acc. AUC Rec. Prec. F1 K MCC

Ridge 0.8783 0.0000 0.8877 0.8713 0.8794 0.7566 0.7567
LDA 0.8783 0.9433 0.8877 0.8714 0.8795 0.7566 0.7568
LightGBM 0.8741 0.9437 0.8791 0.8704 0.8747 0.7482 0.7483
Extra Trees 0.8721 0.9430 0.8239 0.9118 0.8656 0.7442 0.7477
Random Forest 0.8430 0.9232 0.7890 0.8847 0.8341 0.6861 0.6902
Linear SVM 0.8371 0.0000 0.8283 0.8431 0.8356 0.6741 0.6743
Logistic Reg. 0.8354 0.8956 0.8461 0.8284 0.8371 0.6708 0.6710

AdaBoost
Grad. Boosting

0.8021 0.8785 0.8553 0.7731
0.7979 0.8807 0.8347 0.7775

0.8121
0.8051

0.6042 0.6077
0.5958 0.5975

Naive Bayes 0.7860 0.7877 0.9140 0.7277 0.8103 0.5720 0.5917
Decision Tree 0.7848 0.7767 0.7773 0.7891 0.7832 0.5696 0.5697
KNN 0.6048 0.6535 0.8916 0.5666 0.6928 0.2096 0.2559
QDA 0.5739 0.5739 0.1542 0.9597 0.2657 0.1477 0.2717
Dummy 0.5000 0.5000 0.0000 0.0000 0.0000 0.0000 0.0000

exPlanations) values and present a beeswarm plot
in Figure 1.
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Figure 1: SHAP summary plot showing the top
LIWC 20 features contributing to the prediction of
the depressed class.

The beeswarm graph can be interpreted as fol-
lows. The visualization shows the SHAP values for
every feature for every instance in each dataset,
where each dot represents a SHAP value for a spe-
cific feature. The x-axis indicates the SHAP value
magnitude, and the y-axis lists the features. In ad-
dition, the color of the dot reveals the value of the
feature for that instance (e.g., red for high, blue for
low). The features are ordered by the mean SHAP
values. They are presented in a descending order
of significance along the y-axis. A dot positioned
on the right-hand side of the graph signifies a posi-
tive impact, while one on the left side indicates a

negative impact. For instance, the LIWC-category
‘'work’ showcases notably high negative SHAP val-
ues. The position of a data point along the x-axis
signifies the degree of influence it exerts. There-
fore, the further away from the point of origin (0), the
greater the impact it has on the model’s predictions.
The analysis reveals several critical insights:

* Reduced engagement: The LIWC categories
work, leisure, and social exhibit high
negative SHAP values. This indicates that
a high frequency of words related to these
domains is strongly associated with the non-
depressed class. Clinically, this aligns with
the social withdrawal and reduced interest in
activities typical of depressive episodes.

* Loss of drive and anhedonia: The LIWC
category drives, which include aspirations,
achievements, and rewards, do not appear as
prominent markers for the depressed class.
This mirrors the clinical symptom of anhedo-
nia, where individuals experience lowered ex-
pectations of reward and impaired reinforce-
ment learning (Barch et al., 2016).

Temporal focus: The past tense feature
exerts a negative influence on the model’s iden-
tification of the depressed class. This suggests
that depressed individuals may focus less on
past experiences and more on their current
emotional state.

Considering that depression can lead to a lack
of motivation, reduced interest in activities, and a
sense of hopelessness, it is normal to expect that in-
dividuals face difficulties in pursuing their ambitions
(Watson et al., 2020). Furthermore, the ‘drives’
LIWC category in LIWC 2015 version, includes also
the ‘achievements’ category, which refers to expe-
riences of success, and also the ‘reward’ category,
which relates to the experience of receiving positive
reinforcement. Many studies support that a core
symptom of depression, usually referred as “an-
hedonia” is associated with lowered expectations
of rewards and impaired reinforcement learning
(Barch et al., 2016; Treadway and Zald, 2011).

Evaluation on the CC1 A second evaluation set-
ting involved a comparison between the selected
subset of the depression corpus and the randomly
sampled control corpus. The subset from the de-
pression corpus corresponded to a single user who
served as a gold reference case. In particular, this
user corresponded to an individual with a confirmed
severe outcome, which was treated as a benchmark
instance to approximate a real-world scenario of
extreme depression risk. This setting should be
interpreted as a stress-test scenario rather than a
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general population model. By contrasting a con-
firmed severe case against a highly similar control
user, we aim to evaluate whether linguistic signals
remain detectable even under strong lexical simi-
larity constraints.

To enable a fair comparison, we introduced a
similarity-based control selection procedure. Co-
sine similarity was computed between vector rep-
resentations of individual users and the gold ref-
erence user. Word embeddings were generated
using the Greek FastText model . The most simi-
lar non-depressed user achieved a similarity score
of 0.99 but contained only 58 tweets, which was
insufficient for reliable comparison. Therefore, the
second most similar user (similarity = 0.97), with
12,076 tweets, was selected.

Tweets were preprocessed by removing URLs,
usernames, punctuation, and emojis (via the de-
moji package), and by retaining only tweets con-
taining more than two words. A random subsample
of 10,000 tweets was selected to match previous
experimental settings.

LIWC-based features Results using LIWC fea-
tures (Table 4) show low classification performance,
with accuracy ranging between 50% and 58%,
only marginally above chance level. Most mod-
els achieved and MCC values close to zero, fur-
ther indicating weak discriminative power. This
behavior is attributed to the sparse coverage of the
LIWC lexicon in the Greek Twitter corpus, resulting
in sparse feature representations. Consequently,
LIWC-based results were not further analyzed.

TF-IDF-based features TF-IDF features were
then employed (Table 5). In contrast to LIWC,
TF-IDF representations substantially improved per-
formance across models. The Extra Trees classi-
fier achieved the best overall results (Accuracy =
0.7150, F1 = 0.7332, = 0.4300, MCC = 0.4340),
corresponding to an improvement of approximately
10 percentage points in accuracy compared to
LIWC-based models.

Although TF-IDF features significantly outper-
form LIWC, several models exhibit noticeable dis-
crepancies between Precision and Recall, suggest-
ing instability in class-wise behavior. In particular,
some classifiers favor recall at the expense of preci-
sion, indicating potential class bias. Further inves-
tigation is required to better understand the factors
contributing to this imbalance.

4.3. Transformer-based models

We evaluated the performance of four pretrained
models: (i) bert-base-greek—uncased-vl, (ii)

1https://huggingface.co/facebook/
fasttext-el-vectors

Table 4: Model performance with LIWC features;
gold depressed vs random control user.

Model Acc. AUC Rec. Prec. F1 K MCC
KNN 0.5865 0.6103 0.5858 0.5867 0.5862 0.1730 0.1730
Logistic Reg. 0.5801 0.6187 0.5977 0.5795 0.5851 0.1602 0.1625

MLP 0.5788 0.6178 0.6477 0.5719 0.6043 0.1575 0.1610
Extra Trees 0.5511 0.5743 0.5872 0.5556 0.5616 0.1022 0.1065
Linear SVM 0.5432 0.0000 0.4612 0.5533 0.4957 0.0865 0.0894
LDA 0.5137 0.5236 0.7192 0.5099 0.5965 0.0275 0.0297
Decision Tree 0.5076 0.5168 0.3295 0.5898 0.3197 0.0153 0.0225
AdaBoost 0.5066 0.5127 0.6022 0.5298 0.4076 0.0133 0.0649
Random Forest 0.5037 0.5636 0.6222 0.4899 0.4401 0.0075 0.0463
Naive Bayes 0.5024 0.5992 0.0092 0.6242 0.0182 0.0047 0.0238
QDA 0.5022 0.6000 0.0082 0.6368 0.0162 0.0045 0.0243
Dummy 0.5000 0.5000 0.0000 0.0000 0.0000 0.0000 0.0000

Table 5: Model performance with TFIDF features;

gold depressed vs randomly selected user.
Model Acc. AUC Rec. Prec. F1 K MCcc
0.7150 0.7804 0.7831 0.6894 0.7332 0.4300 0.4340

Extra Trees

MLP 0.7113 0.7824 0.7581 0.6933 0.7240 0.4225 0.4247
Random Forest 0.6981 0.7722 0.7969 0.6656 0.7252 0.3962 0.4044
Linear SVM 0.6880 0.0000 0.7744 0.6605 0.7125 0.3759 0.3823
Logistic Reg. 0.6850 0.7450 0.6909 0.6830 0.6868 0.3700 0.3702
Naive Bayes 0.6764 0.6838 0.5772 0.7200 0.6406 0.3528 0.3600

0.6566 0.6612 0.7084 0.6416 0.6733 0.3131
0.6375 0.7077 0.9216 0.5877 0.7176 0.2750 0.3349

Decision Tree 0.3150

AdaBoost

KNN 0.6175 0.6480 0.7181 0.5982 0.6516 0.2350 0.2416
LDA 0.5986 0.6124 0.5944 0.5991 0.5966 0.1972 0.1973
QDA 0.5456 0.5456 0.7856 0.5324 0.6285 0.0913 0.1108
Dummy 0.5000 0.5000 0.0000 0.0000 0.0000 0.0000 0.0000

greeksocialbert-base-v2, (iii) bert-base-
multilingual-cased (MBERT), and (iv) x1m-
roberta-base. This evaluation focuses on the
CC2 dataset, which utilizes a control group con-
structed via topic-oriented extraction to ensure the-
matic consistency. The comparative metrics are
summarized in Table 4.3.

Model Acc. Prec. Rec. F1

Greek BERT 0.948 0.938 0.960 0.949
GreekSocialBERT  0.942 0.934 0.953 0.942
mBERT 0.953 0.965 0.940 0.952
XLM-Roberta Base 0.944 0.961 0.926 0.943

Table 6: Model performance on the CC2.

Evaluation on the CC2 All transformer mod-
els achieved strong performance, with accuracy
ranging from 94.2% to 95.3%. The multilingual
BERT model obtained the highest overall accuracy
(0.953), while Greek BERT achieved slightly higher
recall (0.960), indicating strong sensitivity to de-
pressed instances.

For Greek BERT, recall exceeds precision by ap-
proximately 2.2 percentage points (0.960 vs 0.938).
In the context of depression detection, prioritizing
recall may be desirable, as minimizing false nega-
tives (i.e., failing to identify depressed individuals)
is often considered critical. In contrast, multilingual
BERT achieves higher precision (0.965) but slightly
lower recall (0.940), suggesting a more conserva-
tive classification strategy. This model produces
fewer false positives but may miss a greater num-
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ber of true depression cases compared to Greek
BERT.

Overall, these transformer architectures substan-
tially outperform the traditional feature-based base-
lines presented in Section 4.1. This performance
leap demonstrates the effectiveness of contextual-
ized embeddings in capturing the nuanced seman-
tic and syntactic structures associated with mental
health discourse.

Evaluation on the CC1 We next evaluated the
transformer models under the second experimental
setting, comparing the gold depressed user with the
cosine-similarity-matched control user (Table 4.3).

Performance decreases notably in this
constrained setting, with accuracy ranging
from 0.554 (x1lm-roberta-base) to 0.779
(greeksocialbert-base-v2). GreekSocial-
BERT achieved the best overall performance
(F1 = 0.776), followed by mBERT (F1 = 0.758).
While mBERT showed a slightly more balanced
precision-recall trade-off, GreekSocialBERT'’s
superior scores suggest that its pretraining on
social media data may provide an advantage when
distinguishing subtle linguistic nuances in informal
Greek text.

Model Acc. Prec. Rec. F1

Greek BERT 0.753 0.766 0.736 0.748
GreekSocialBERT 0.779 0.788 0.767 0.776
mBERT 0.759 0.761 0.758 0.758
XLM-Robertabase 0.554 0.717 0.534 0.420

Table 7: Model Performance on the CC1.

The significant performance drop compared to
the CC2 experiment is expected and directly at-
tributable to the similarity-based sampling proce-
dure. Because the control user was selected based
on extreme cosine similarity (0.97), the lexical and
distributional overlap between the two classes is
substantial. This minimizes "topic-driven" separa-
bility, where a model might simply distinguish be-
tween "talking about sadness" vs. "talking about
sports”, and forces the model to rely on much more
granular linguistic markers.

This experiment serves as a stress-test scenario,
evaluating whether models can maintain discrimi-
native power when surface-level similarity is high.
The overlap in vector space likely causes the trans-
former models to struggle with defining clear de-
cision boundaries, as the embeddings for both
classes occupy nearly identical regions

We avoid attributing the performance drop solely
to overfitting, as the primary cause appears to
be reduced inter-class variance due to similarity
constraints. Moreover, while transformer models
achieve strong predictive performance, they offer
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limited interpretability compared to feature-based
approaches. Because classification decisions are
based on high-dimensional contextual representa-
tions, isolating specific linguistic markers that dis-
tinguish depressed from non-depressed users re-
mains challenging.

Moreover, while transformer models offer su-
perior predictive power, this experiment high-
lights a critical trade-off: performance vs. in-
terpretability. Unlike the feature-based analysis
(LIWC/SHAP), the decision-making process of
these high-dimensional contextual models remains
opaque. While their performance is better in com-
parison to traditional models, they cannot explicitly
reveal which Greek linguistic cues were the decid-
ing factors.

5. Conclusions

We evaluated a range of machine learning (ML) and
deep learning (DL) architectures for the binary clas-
sification of depressed versus non-depressed indi-
viduals. Our results identify mBERT as the overall
top-performing model, achieving an accuracy and
F1-score of 0.95 on the topic-oriented corpus (CC2).
However, performance decreases substantially in
the stress-test evaluation (CC1), where models are
required to distinguish a gold-standard depressed
user from a linguistically similar control user. This
drop is likely due to the increased difficulty of the
task, as the control user was selected based on
high cosine similarity (0.97) to the target user. This
high degree of lexical and semantic similarity may
reduce class separability and increase classifica-
tion ambiguity, suggesting that surface-level repre-
sentations may be insufficient in highly controlled
matching scenarios and that more fine-grained lin-
guistic features may be beneficial.

For the ML baselines, we contrasted TF-IDF and
LIWC features. TF-IDF achieved the highest pre-
dictive performance, with the Extra Trees (ET) clas-
sifier reaching an accuracy of 0.86 and an F1-score
of 0.85. However, LIWC features offered greater
interpretability, enabling direct mapping of linguistic
patterns to meaningful LIWC categories.

Despite the more moderate performance of
LIWC-based models (e.g., ET achieving 0.65), we
utilized the ET classifier for our primary feature
analysis due to its inherent robustness and the
interpretability of its decision paths. LIWC fea-
tures as a part of the feature engineering com-
ponent has been exploited in numerous studies
(Coppersmith et al., 2015; Resnik et al., 2013; As-
gari et al., 2017; Tadesse et al., 2019). Their incor-
poration alongside other features has consistently
demonstrated their potential to enhance classifi-
cation performance, underscoring their significant
role in capturing language-specific cues related to



depression. In this study, the interpretability analy-
sis identified several prominent linguistic markers
within the Greek depression corpus: (i) social with-
drawal, manifested as a marked decrease in dis-
course related to social and leisure activities; (ii)
professional disengagement, characterized by a
significant reduction in work-related engagement;
(i) diminished drive, reflected in lower motivational
cues and fewer references to achievements or re-
wards; and (iv) altered temporal orientation, evi-
denced by shifting patterns in time-reference words
relative to the control group. These findings align
with established clinical literature and support the
existence of language-specific cues in depressive
communication.

Ultimately, this study advocates for grounding au-
tomated screening in clinically validated evidence.
While digital self-disclosure offers a useful proxy for
risk, verifying these patterns against formal diag-
noses remains a priority for future work. Establish-
ing a clinically validated “ground truth” is essential
to ensure that detected pattern, such as anhedonia,
social withdrawal, and reduced engagement, accu-
rately reflect the underlying depressive condition.
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8. Ethical considerations

The use of social media data for mental health
screening raises significant ethical challenges re-
garding privacy, data ownership, and potential
harm. Our study adheres to the following ethical
principles: (i) data privacy and anonymization: Al-
though the data used in this study (CC1 and CC2)
were collected from public social media platforms,
we recognize that users may not have intended for
their posts to be used in a psychiatric research con-
text. To protect user identity, all personal identifiers
(i.e., usernames, locations etc.) were removed,
(i) this research is strictly observational, we did
not engage with any users during the data collec-
tion process, and (iii) the models are intended as
screening aids for researchers and clinicians, not
as definitive diagnostic tools.

Beyond privacy, additional ethical concerns arise
from the potential deployment of such systems. In
particular, diagnostic errors, such as false posi-
tives and negatives, may lead to unintended con-
sequences, including unnecessary stigmatization
of users or failure to identify individuals who may
require support.

9. Limitations and Future Work

Despite the contributions of this work, several limi-
tations should be considered when interpreting the
results:

1. Platform bias and corpus representativeness:
our dataset is derived exclusively from so-
cial media (X/Twitter). These platforms tend
to skew toward specific demographics, often
younger individuals, which may not fully rep-
resent the linguistic patterns of the broader
speaking population or those with different
socio-economic backgrounds.

2. "Silver standard": we acknowledge that la-
bels are based on self-reported diagnoses.
While these provide a "silver standard" for train-
ing, they lack the clinical precision of a formal
psychiatric evaluation conducted by a mental
health professional.

3. Linguistic resource constraints: While we uti-
lize LIWC to bridge the explainability gap, it
is important to note that the Greek version of
the LIWC dictionary, while robust, may not cap-
ture the full nuanced range of informal "internet
slang" in the Greek digital landscape as effec-
tively as the original English version.

4. Stress-test generalizability: The stress-test ex-
periment, which includes a single user in the
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depression class, may capture idiolectal (user-
specific) linguistic patterns rather than gener-
alizable markers of depression. As such, its
results should be interpreted as exploratory.

Future work will extend explainability to
transformer-based models using methods such as
SHAP or integrated gradients, to better understand
which features contribute to depression prediction.
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Abstract
Psychopathy is a complex personality disorder characterized by persistent deficits in empathy and manipulative
behavior. Traditional diagnostic methods often rely on subjective clinical assessments, which are susceptible to
deception. This research proposes an objective, non-invasive computational framework for profiling psychopathic
traits using Natural Language Processing (NLP) and Machine Learning. We developed a systematic pipeline utilizing
transcribed interviews from confirmed criminal psychopaths and a balanced control group. To address data sparsity
and noise, we employed the Dynamic Variance Thresholding (DyVaT) algorithm to construct a semantically dense
vocabulary of over 1,300 features. The methodology integrates advanced preprocessing, TF-IDF vectorization,
and synonym-based data augmentation to enhance model generalization. Among the evaluated classifiers, a
Linear Support Vector Machine (SVM) achieved the highest performance, with an accuracy of 0.8081 and an
F1-score of 0.7957. Our findings demonstrate the efficacy of linguistic biomarkers and feature importance analysis in
distinguishing psychopathic speech patterns. This study provides a scalable methodology for early screening and
diagnostics, with significant implications for forensic psychology, security, and ethical Al deployment in mental health.

Keywords: Computational Linguistics, Machine Learning Application, Psychopathy Profiling, Linguistic Biomarkers,

Data Augmentation, Dynamic Variance Thresholding

1. Introduction

Psychopathy is a severe personality disorder with
major social and clinical consequences. It involves
low empathy, manipulation, and persistent antiso-
cial behavior. Many individuals show a convincing
“mask of sanity” in everyday interactions. The di-
agnosis often relies on the PCL-R checklist plus
lengthy face-to-face interviews. These procedures
are difficult to scale and can vary between clini-
cians. They also depend on cooperation, which
deceptive subjects may deliberately undermine.

We therefore need complementary screening
methods that are more objective and auditable.
Computational pipelines can support clinicians with-
out replacing clinical judgment. They fit remote
data collection and monitoring workflows that are
increasingly realistic. They also encourage shared
resources, clear protocols, and repeatable evalu-
ation. Still, the tools must be interpretable, safe,
and cautious in high-stakes use. Ethics, consent,
privacy, and bias management must be designed
from the beginning.

NLP is promising because language leaks subtle
patterns during spontaneous narration. Speakers
rarely control these patterns consistently through-
out an interview. Machine learning has identified
“Dark Triad" traits from text (Yeasmin et al., 2024).
Psychopathy detection remains difficult because
labeled, verified transcripts are scarce. Legal barri-
ers and sensitivity restrict access, creating a severe
class imbalance. Domain shifts across sources can

also distort models unless explicitly handled.

Our study presents a pipeline designed around
these practical data constraints. We focus on
distinguishing criminal psychopaths from a non-
psychopathic control group. The offender inter-
views were collected from YouTube, while the con-
trols came from NPR interviews. We matched
conversational style and cleaned transcripts us-
ing consistent annotation rules. This reduced cues
from formatting, editing, or interviewer structure. It
also supports reproducibility and future sharing of
datasets and tools.

Representation choices were critical, so we
avoided using every observed token. Instead, we
built a seed list of psychologically relevant words by
manual selection. We expanded that list using Dy-
namic Variance Thresholding, or DyVaT (Treistman
et al., 2022). DyVaT retains semantically related
terms while filtering high-variance noise from em-
beddings. The final lexicon contains about 1,357
focussed features for modeling. This feature de-
sign improves interpretability and helps address
sparsity and dimensionality issues.

We then applied a rigorous text-processing work-
flow to ensure consistent input. Transcripts were
segmented into standardized 15-sentence chunks
to stabilize sample length. Lemmatization reduced
sparsity by mapping inflected forms to base roots.
Data scarcity persisted, so we augmented the mi-
nority class with synonym substitution. Such aug-
mentation is common for imbalance in personality
classification (Pradana and Suhartono, 2024). We
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treated augmentation conservatively, since it can
introduce small semantic drift.

For classification, we compared Logistic Regres-
sion, Random Forest, and Support Vector Ma-
chines. Choosing the right classifier is central in
text categorization (Allam et al., 2025). Random
Forest often handles high-dimensional data well
(Venkateshwarlu et al., 2024). However, our best
results came from a Linear SVM in this setting. It
achieved 80.81% accuracy and a 0.7957 F1 score
(Alzoubi et al., 2023). We also tracked feature sig-
nificance to support transparent screening and di-
agnostics.

Feature inspection revealed systematic differ-
ences that align with psycholinguistic expectations.
Psychopathic speech overused basic-need terms
like “money,” “food,” and “sex.” It also used more
words related to violence, dominance, and authority.
Controls used more language about social connec-
tion, norms, and morality (Adkins et al., 2025). High-
stakes use demands transparency, consent, pri-
vacy safeguards, and bias checks (Zhou and Chen,
2023). Next, we will test LLMs, acoustic cues, and
sensor-ready multimodal designs on lightweight as-
sessment platforms.

2. Related Works

Classic machine learning remains competitive for
high-dimensional text features. Random Forest
often performs well in sparse spaces (Venkatesh-
warlu et al., 2024). Support Vector Machines can
be robust across languages and settings (Alzoubi
et al.,, 2023). A survey of these methods and
common evaluation practices guides model selec-
tion under real deployment constraints (Gasparetto
et al., 2022).

Work on personality and “Dark Triad” traits moti-
vates psychopathy-oriented screening . Standard
classifiers can separate higher-risk profiles from
controls (Yeasmin et al., 2024). There are reported
gains from ensembles on non-linear personality
signals (Maxim et al., 2025). Regex rules can be
mixed with NLP for phase-aware disorder detection
(Patel and Johnson, 2025). Research connects
deception and emotion signals to forensic text anal-
ysis (Adkins et al., 2025).

Data collection and labeling protocols strongly
shape what models actually learn. Many stud-
ies depend on secondary data, which complicates
consent and reuse. Shared schemas, annotation
rules, and audit trails help build usable infrastruc-
ture. These steps also support domain adaptation
when sources differ in style.

Preprocessing decisions are not neutral in psy-
chological profiling tasks. Preprocessing can
change accuracy, even for sentiment pipelines
(Alam and Yao, 2019). Stop word removal is es-

pecially tricky for self-reference and social framing
(Kaur and Buttar, 2018), and psychological settings
need extra caution. Tokenization quality also mat-
ters for mental health signals (Dixit et al., 2023).

Feature weighting and representation are still
common baselines in clinical text modeling. Vari-
ous TF-IDF variants are compared for use on un-
structured datasets, such as interview transcripts
(Das et al., 2023). However, “noise” can con-
tain the most diagnostic information linking psy-
chopathic deviation to narrative style and lexical
choices (Gawda, 2022).

A central innovation of our work is the method
of vocabulary construction. We did not simply use
all the words available in the transcripts. Instead,
we used a "seed list" of manually selected words
that are psychologically relevant. We expanded
this list using the Dynamic Variance Thresholding
(DyVaT) algorithm (Treistman et al., 2022). This al-
gorithm helps identify semantically relevant words
while filtering out high-variance noise. The result is
a focused lexicon of approximately 1,357 features.
This approach allows us to target the specific narra-
tive structures associated with psychopathy. Deep
learning is increasingly used to model subtle and
contextual personality signals. A review of machine
and deep learning for trait detection notes the grow-
ing use of ensembles and larger architectures (Naz
et al., 2025). Graph approaches can model rela-
tions between words, users, and contexts, such
as LL4G for self-supervised, dynamic graph-based
personality detection (Shen et al., 2025).

Network science offers another angle on dis-
course and psychological structure, such as tex-
tual forma mentis networks for adolescents and
psychopathology levels (Carrillo et al., 2025).
Knowledge-guided filtering can focus models on
clinically informative segments such as PsyTEx for
refining text for psychological analysis (Bhandarkar
etal., 2025). Emotion dynamics can serve as bioso-
cial markers beyond static sentiment (Teodorescu
et al., 2023).

Related mental health domains also shape meth-
ods we can reuse or adapt, such as enhanced
TextGCN for depression detection using emotion
representations (Mao and Han, 2025) or DepGLM
to recognize degrees of depression with LLM sup-
port (Liu et al., 2025). These tasks differ from psy-
chopathy, but the modeling patterns are transferred.
They also raise similar needs for calibration and
clinically meaningful metrics. The scarcity of la-
beled psychopathy data remains a practical bottle-
neck for supervised learning. The class imbalance
is severe, and verified labels are rarely available
to share. This imbalance can be addressed by
augmentation, such as intent-aware (Saleem and
Kim, 2024) or synonym replacement(Pradana and
Suhartono, 2024).

116



Other pipelines generate synthetic samples for
downstream interventions and support tools, such
as ERNIE-based augmentation for CBT-related
applications (Sambana et al., 2025). Topic mod-
eling plus synthetic generation improved suicidal
ideation detection (Ghanadian et al., 2025). These
results suggest augmentation can help generaliza-
tion when clinical data is constrained. Still, syn-
thetic text can drift and must be validated carefully.
Large language models are changing baselines,
but introduce new risks, such as the applicability
of LLMs for the classification of health text using
public social media data (Guo et al., 2024), whether
GPT-3 exhibits psychopathic traits under psycho-
logical perspectives (Li et al., 2022), questioning
whether human personality tests can be applied
to algorithmic agents (Sihr et al., 2025), or LLM
blurring of linguistic markers used for trait inference
(Sourati et al., 2024).

Safety and governance are central when mod-
els touch sensitive psychological labels (Li et al.,
2024). Ethical principles must be applied to engi-
neering practice (Zhou and Chen, 2023; Mittelstadt,
2019) while addressing regulatory gaps in Al-driven
profiling on social media (Bose et al., 2025).

Bias is another recurring threat in clinical and
assessment settings, such as racial bias in Al-
mediated psychiatric diagnosis with large models
(Bouguettaya et al.), video interviews (Mujtaba and
Mahapatra, 2025), or emotional Al (Chavan et al.,
2025).

Deployment discussions increasingly connect to
law, clinical workflows, and patient safety. The
Draft EU Al Act has implications for profiling (Veale
and Zuiderveen, 2021). One must consider the le-
gal risks of Al in mental healthcare (Rahman et al.,
2025), as well as safe data management (Raygoza-
L et al., 2025). These works collectively push for
careful deployment, monitoring, and clinician in-
volvement.

2.1. The DyVaT Algorithm

The DyVaT (Dynamic Variance Thresholding) algo-
rithm is a novel technique designed to reduce the
dimensionality of word embeddings in NLP tasks
by adaptively removing high-variance noisy dimen-
sions using the cosine distance metric. Using the
kneedle algorithm to determine an optimal thresh-
old, DyVaT retains low-variance features that con-
tribute to forming tighter semantic clusters. This
process enhances the quality of the vector repre-
sentations without substantial loss of information,
thereby improving downstream tasks such as clas-
sification and clustering. Experiments demonstrate
DyVaT'’s ability to generate semantically coherent
word collections with less noise compared to other
methods, making it a powerful, scalable tool for

feature selection in text analysis (Treistman et al.,
2022).

3. Methodology

This section presents the project’'s methodology,
including data collection and preprocessing, ML
model selection, and system architecture. It out-
lines the approach used to accurately and reliably
classify psychopathic traits from text data.

3.1. Data Collection

The efficacy of the proposed classification frame-
work relies on a structured approach to data han-
dling and feature engineering. To this end, we first
define the linguistic corpora used for training and
evaluation. Following the dataset description, this
section outlines the methodology for generating
a semantically dense vocabulary, the subsequent
extraction of discriminative features, and the appli-
cation of synonym-based augmentation to enhance
the model’s generalizability.

Psychopathic Dataset

» Text samples were gathered from approxi-
mately 77 YouTube interviews featuring indi-
viduals who were legally and psychologically
confirmed as criminal psychopaths.

» The transcripts were generated using the
Python library youtube-transcript-api.

+ After extraction, a manual review was con-
ducted on all transcripts to verify their accu-
racy.

Non-Psychopathic Dataset

» The dataset was derived from a validated Kag-
gle resource, containing transcripts of National
Public Radio (NPR) interviews with randomly
selected (NPR).

» The non-psychopathic dataset was intention-
ally selected because it consisted of interview
transcripts with a conversational style and
structure similar to those in the psychopathic
dataset. This deliberate matching ensured
consistency in format and context across both
datasets, minimizing bias and allowing for reli-
able comparison of linguistic features.

» The control sample selection was guided by
accepted definitions of psychopathy, e.g., “a
manipulative, cunning, and antisocial individ-
ual who, according to Hare (Hare, 2020), com-
prises about 1 percent of the general popula-
tion” (Hancock et al., 2018).

For this dataset, 10,000 records were initially
sampled using two inclusion criteria: (1) each
record had to contain a unique EPISODE iden-
tifier, and (2) the transcript text was required
to include a minimum of 15 sentences. After
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applying these criteria, 782 valid records were
retained.

3.2. Text Preprocessing

To manage the variability in transcript length, the
text was split into uniform segments of fifteen
sentences each. Each segment was normalized,
cleaned, tokenized, and lemmatized using standard
methods (spaCy platform). Short, non-alphabetic
or linguistically irrelevant tokens were filtered out
(Vasiliev, 2020). Segments with fewer than nine
relevant vocabulary terms were discarded to main-
tain dataset quality and ensure that texts contained
sufficient linguistic material for meaningful analysis.
Due to an inherent class imbalance in the dataset,
data enhancement methods were applied to the
minority psychopathic class to equalize represen-
tation and prevent biased model learning.

3.3. Vocabulary Construction

The vocabulary construction method (Figure 1) cap-
tures key linguistic markers distinguishing psycho-
pathic and non-psychopathic traits. We began with
a basic seed vocabulary for each class, manually
selecting fifty words per class with the highest co-
efficients based on our dataset, validated using
logistic regression. This vocabulary was then ex-
panded using the DyVaT algorithm. The algorithm
increased each class’s vocabulary to approximately
1,000 words, and after removing duplicates and ap-
plying filtering, the final vocabulary totaled 1,357
words.

~

Basic y Exp
50 words per class

Y

d vocabulary

4

Final Vocabulary

DyVat algorithm 1357 words both classes

Figure 1: Vocabulary Construction Process

The initial seed vocabulary consisting of fifty
terms per class was manually curated. The se-
lection was tuned by both term frequency and the
highest logistic regression coefficients observed in
our dataset, ensuring that the chosen words cap-
tured the most discriminative linguistic markers for
each class.

3.4. Expansion via DyVaT Algorithm

DyVaT was applied to expand the seed vocabulary
by leveraging semantic similarity from GoogleNews
Word2Vec embeddings, using cosine similarity dis-
tance thresholding to identify relevant terms. This
approach increased the vocabulary coverage to ap-
proximately 1,357 words per class while maintain-
ing interpretability. The base vocabulary expansion

method relied on a fixed cosine similarity thresh-
old from Word2Vec embeddings, while DyVaT’s
dynamic variance-based thresholding following ini-
tial cosine clustering introduced a broader set of
semantically relevant terms, enhancing the model’s
ability to capture subtle linguistic distinctions. Un-
like the base method'’s static cutoff, which limited
coverage and generalization due to its rigid nature,
DyVaT effectively balanced expansion with seman-
tic relevance, providing a more robust feature set for
psychopathy classification (Treistman et al., 2022).

3.5. DyVaT vs. Base Vocabulary

The visualization compares word expansions gen-
erated from the seed word ‘control’. In the Base
algorithm (Figure 2), related terms are spread with
a fixed radius, producing a scattered distribution.
In contrast, the DyVaT algorithm (Figure 3) yields
tighter clusters of semantically related words, in-
creasing density and better capturing nuanced rela-
tionships. This demonstrates that DyVaT provides
a more coherent and semantically meaningful ex-
pansion compared to the Base method.
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Figure 3: DyVaT Algorithm

3.6. Data Augmentation

To overcome the limitations inherent in small
datasets and to improve classification performance,
text-based data augmentation techniques were ap-
plied to preprocessed text records. Specifically,
each original record was transformed, in which se-
lected words, limited only to those present in the
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vocab, were replaced by semantically similar syn-
onyms. This was achieved through the use of the
SpaCy library, integrating vocabulary vectors and
part-of-speech filtering, thus ensuring both contex-
tual fidelity and grammatical correctness. To pre-
vent redundancy, augmented records with high se-
mantic overlap to the originals were systematically
removed based on configurable similarity thresh-
olds. This process expanded the dataset from 224
to 436 unique records, resulting in measurable im-
provements in model performance.

Recent empirical research supports this ap-
proach, demonstrating through comprehensive
analysis that token-level augmentations, particu-
larly word replacement and random swapping most
consistently enhance supervised NLP performance
on limited data. These methods generate new text
by substituting words or phrases with synonyms
from dictionaries or embedding similarities, pre-
serving semantic meaning and original labels while
expanding linguistic diversity. Such techniques
prove especially effective when training samples
are scarce, as they intuitively maintain sentence in-
tent through semantically equivalent token replace-
ments (Chen et al., 2023).

3.7. Feature Extraction

The TF-IDF vectors were restricted to a custom
vocabulary, manually curated and further refined
using the Dynamic Variance Thresholding (DyVaT)
algorithm. Following the DyVaT process, additional
manual customization was performed to further
optimize the feature set. This ensured that only
lexically and semantically meaningful words were
included. These vectors served as the input fea-
tures for machine learning, allowing the algorithm
to learn which words and patterns are most indica-
tive of psychopathic versus non-psychopathic text.
Feature extraction in this manner provides inter-
pretability and insights into the key linguistic cues
distinguishing the two classes.

3.8. Hyperparameter Tuning

Hyperparameter tuning was performed using a grid
search approach combined with stratified 5-fold
cross-validation to systematically explore combi-
nations of model parameters. The stratification
ensured balanced class distributions across folds,
addressing potential imbalances in psychopathic
versus non-psychopathic samples. The primary
optimization objective was the F1-score, chosen
to balance precision (reducing false positives) and
recall (reducing false negatives), reflecting the criti-
cal need to identify all true cases without excessive
false alarms.

4. Implementation and Results

Table 1 sumarizes the key differences between the
standard baseline and our DyVat augmented ap-

proach.
4.1. Baseline vs, Augmented DyVaT
Method
Aspect Baseline Augmented DyVaT
Pre- Basic noise Advanced
processing| removal preprocessing
Simple including
tokenization lemmatization
Removal of
short/irrelevant
records
Vocabulary| No extensive Curated vocabulary
feature built with DyVaT
engineering algorithm
Relied on basic = Expanded manual
lexicon if at all lexicon to 1,233
semantically relevant
features
Feature Basic TF-IDF or  Only records
Extrac- bag-of-words, containing =9 VOCAB
tion no focused words retained
filtering TF-IDF vectors based
on enhanced
vocabulary
Data None Systematic
Augmen- generation of new
tation records by synonym
substitution within
curated vocabulary
Model Baseline Models trained and
Training | models trained  validated on
directly on raw high-quality, filtered,
data and augmented data
Goals Quick baselines  Maximized
to establish performance,

initial feasibility

interpretability, and
generalization (based
on literature insights
and pilot results)

Table 1: Comparison Between Original and Final

Methods

4.2. Original vs. Augmented Dataset

Original Dataset Contained raw transcribed inter-
views labeled according to psychopathic and
non-psychopathic traits, without advanced fil-
tering or augmentation.

Augmented Dataset Expanded version created
by applying the full augmentation pipeline, re-
sulting in increased linguistic diversity, a more
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balanced class distribution, and improved ro-

bustness for model training and evaluation.
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4.3. Data Processing Pipeline

The data processing pipeline was systematically
developed to ensure that raw interview data was
transformed into high-quality, interpretable features
optimized for ML classification. The pipeline in-
cludes these key stages:
Data Ingestion and Organization
Raw interview transcripts were extracted di-
rectly from MongoDB and imported into pan-
das DataFrames, establishing a structured, ac-
cessible format for all downstream analyses.
Text Preprocessing

» The transcript texts underwent thorough
normalization and noise reduction, includ-
ing lowercasing, removal of punctuation,
stop words, and irrelevant symbols.

« Standardized input size by dividing tran-
scripts into fixed-length segments.

« Further linguistic cleaning was completed
by tokenization and lemmatization (via
spaCy), transforming words to their canon-
ical forms and ensuring linguistic consis-
tency.

» Semantic filtering excluded segments with
insufficient relevant vocabulary, minimiz-
ing noise and ensuring only linguistically
meaningful samples advanced.

Vocabulary Construction And Restriction
Feature extraction was restricted to a carefully
engineered vocabulary, expanded using the
DyVaT algorithm. This method augmented
a manual seed list with semantically similar
terms, enhancing lexical coverage for both psy-
chopathic and non-psychopathic classes while
ensuring feature interpretability.

Data Augmentation And Balancing
Data augmentation strategies were employed
for the minority class, generating new records
by substituting words with synonyms within
segments, thus increasing dataset size and
diversity while preserving semantic integrity.

Feature Extraction
Texts were vectorized using the TF-IDF algo-
rithm, resulting in numerical features that repre-
sent each record in terms of word importance
and discriminative value.

Model Training, Selection and Evaluation

» Multiple ML models were trained using
stratified k-fold cross-validation for robust
and balanced evaluation.

» Model persistence was achieved by seri-
alizing the optimal models with joblib, sup-
porting reproducibility and deployment.

Feature Importance And Visualization

* The key linguistic features distinguish-
ing psychopathic vs. non-psychopathic
speech were identified through LR coeffi-
cient analysis.



 The fifty most influential words per class
were visualized as word clouds, highlight-
ing dominant lexical markers and support-
ing transparent model interpretation.

4.4. Feature Importance

The analysis of the most influential features was
conducted using the coefficient values derived from
a logistic regression model, which allowed for clear
interpretability of the linguistic markers associated
with psychopathy. The logistic regression coeffi-
cients quantify the contribution of each feature to
the classification decision by indicating the change
in the log-odds of the target class.

Figures 4 and 5 present the top 50 linguistic fea-
tures most strongly associated with each class (Psy-
chopath vs. Non-Psychopath).

luckily

monster

nursing

laugh niece

knif
destroy

freeze
veird
utilit

P1SSguilty “crap life

hoic

certainly

shock

comeyoteq:

incredible

>
Ve
-
o
EggJL

o
o
<

Figure 5: Top 50 Features of Non-Psychopaths

5. Analysis

5.1. Baseline Method

The baseline model (Table 2) was trained without
dataset balancing, without the DyVaT vocabulary,
and without any filtering or augmentation. The TF-
IDF vectorizer relied entirely on the raw, unfiltered
lexical space, resulting in high noise levels and
severe class imbalance.

This configuration struggled to capture meaning-
ful psychopathy-related linguistic patterns, highlight-
ing the need for improved data quality and class
balance.
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Model F1-score Voca!)ulary
Size
SVM 0.5000 2881
Logistic Regression 0.3871 80182
Random Forest 0.3200 43028

Table 2: Performance Metrics for Baseline Method

+ Training set size: 781

* Test set size: 194

« Total records: 975

» Psychopath records: 193

» Non-psychopath records: 782

5.2. Augmented DyVaT Method

Our method uses data augmentation was com-
bined with DyVaT expansion (Table 3 and Figure 6),
expanding the psychopathic class and enhancing
generalization. Linear SVM achieved the highest
performance. This result represents the culmina-
tion of progressive refinement, demonstrating that
the combination of controlled vocabulary, balanced
classes, semantic filtering, and targeted augmenta-
tion yields the most reliable psychopathy detection
model.

Model F1-score Voca_bulary
Size
SVM 0.7957 1233
Logistic Regression 0.6882 1233
Random Forest 0.7391 1233

Table 3: Performance Metrics for Augmented Dy-
VaT Model

« Training set size: 407

* Test set size: 99

Total records: 506
Psychopath records: 253

» Non-psychopath records: 253

Confusion Matrix SWM - Final Model

7
(14.0%)

Actual

a0

37
(75.5%)

Predicted

Figure 6: Confusion Matrix of the Augmented Dy-
VaT Method



6. Discussion

Our research successfully achieved its objectives
by developing a ML and NLP-based system capa-
ble of identifying psychopathic traits through linguis-
tic analysis. After systematically evaluating multi-
ple methods, the Support Vector Machine (SVM)
trained with the DyVaT vocabulary and augmented
dataset was identified as our optimal algorithm for
psychopathy detection.

This model achieved the highest F1-score
(0.7957), while maintaining strong generalization
and interpretability. The integration of longer text
records, controlled vocabulary filtering, and tar-
geted data augmentation proved essential for cap-
turing psychopathy-related linguistic structures with-
out overfitting. The confusion matrix further demon-
strated that the SVM achieved a high true positive
rate while maintaining a low false positive rate, re-
flecting strong discriminative ability and balanced
performance.

Thus, the findings confirm that computational
methods, particularly SVM with carefully con-
structed linguistic features, are effective for early
detection of psychopathic traits. These results
strengthen the positive consideration of ML ap-
proaches in psychological assessment.

Future work may focus on expanding the dataset,
incorporating deep learning architectures, integrat-
ing sentiment and emotion analysis, and exploring
multimodal inputs (e.g., audio, video) to further im-
prove detection accuracy and robustness.

6.1.

During the execution of this research, several major

challenges were identified, which influenced the

planning, implementation, and evaluation stages:

Ambiguity in Defining Psychopathy
There is no universally accepted definition of
psychopathy. Diagnosis relies on a complex
combination of psychological, behavioral, and
social criteria. Although academic literature
offers several assessment tools, such as the
Psychopathy Checklist-Revised (PCL-R), there
is no full consensus on the construct’s bound-
aries. This lack of uniformity complicates the
process of labeling training data and may neg-
atively impact model performance.

Dataset Collection and Preparation
Censored sources: Some available materials,
such as YouTube recordings or interview tran-
scripts, included censorship, omissions, or ed-
its that reduced data completeness and relia-
bility.
Scarcity of psychopathy-labeled texts: Texts
authored or spoken by clinically confirmed psy-
chopaths are rare, due to ethical, privacy, and
data access constraints.

Project Challenges and Limitations

Non-psychopath text collection: This task
presented additional complexity, as suffi-
ciently long texts authored or spoken by non-
psychopaths were difficult to obtain. Further-
more, care had to be taken to ensure that
the selected individuals represented a general
population rather than a narrowly defined or
homogeneous group, in order to reduce poten-
tial sampling biases.
Selecting And Evaluating ML Model
Developing an accurate and reliable psychopa-
thy detection model posed significant chal-
lenges, particularly in the initial stages of al-
gorithm selection. It was unclear whether to
begin with traditional ML algorithms or to em-
ploy deep learning techniques. Consequently,
careful experimentation and systematic evalu-
ation were required to determine the optimal
modeling strategy, balancing predictive per-
formance with computational efficiency and
training feasibility.
Building A Contexual Vocabulary

Another challenge in this study was determin-
ing whether to use a predefined vocabulary
consisting of words specifically associated with
psychopathic and non-psychopathic speech,
or to derive the vocabulary directly from the
training dataset. Careful consideration was
required to determine how to construct this
vocabulary in a manner that maximizes its dis-
criminative power, captures relevant linguistic
patterns for each class, and avoids introducing
bias or overfitting.

6.2. Commercial and Societal Value

The developed system has potential commercial
applications in security, mental health, and crimi-
nology, providing tools for early risk assessment
and decision support. Beyond commercial value,
the research contributes to societal well-being by
enabling more proactive identification of high-risk
individuals and supporting preventive interventions.

6.3. Summary

This research set out to determine whether psycho-
pathic linguistic patterns can be identified through
NLP and machine learning, with the goal of creating
a scalable, interpretable, and non-invasive detec-
tion framework. By constructing a novel dataset
from verified psychopathic and non-psychopathic
interviews, expanding vocabulary coverage using
the DyVaT algorithm, and applying targeted prepro-
cessing, semantic filtering, and data augmentation,
the study achieved robust classification results.
The Linear SVM model emerged as the optimal
solution, delivering an accuracy of 0.8031 and an

122



F1 score of 0.7957, outperforming alternative mod-
els such as Logistic Regression and Random For-
est. These results underscore that psychopathy-
related language patterns are consistent and de-
tectable when captured through a well-engineered
lexical feature space. Moreover, the interpretability
of the Linear SVM provides valuable transparency-
an essential quality in forensic, legal, and clinical
applications.

The contributions of this study are threefold:

« Data Contribution Development of a real-
world, verified dataset of psychopathic and
non-psychopathic speech, providing a foun-
dation for future research.

Methodological Innovation Application of Dy-
VaT for vocabulary expansion, enhancing fea-
ture quality while maintaining explainability.
Practical Relevance Validation of an NLP-
based detection tool that could support early
risk assessment in mental health, security, and
law enforcement contexts.

While the findings are promising, they should
be interpreted in light of the study’s limitations, in-
cluding dataset size, English-only scope, and re-
liance on text transcripts without paralinguistic data.
These constraints point toward several avenues for
future research: expanding the dataset, incorpo-
rating multilingual sources, integrating multimodal
features, and leveraging advanced deep learning
architectures such as transformer-based models.

In essence, this project demonstrates that lan-
guage serves not only as a medium for communi-
cation but also as a measurable indicator of under-
lying personality traits. Through careful design and
rigorous validation, the framework developed here
shows the potential of computational psycholinguis-
tics to aid in the early identification of psychopathy-
supporting, rather than replacing, professional judg-
ment in high-stakes environments.
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Abstract

This work discusses sexual offending, specifically child sexual abuse material (CSAM), in the context of prevention.
We introduce a domain-specific, span-level annotation scheme and guidelines to identify psychosocial risk and
protective factors in therapist-led, anonymous chat interventions with voluntarily help-seeking individuals concerned
about their pedophilic interests and the risk of CSAM use. The scheme is grounded in previous research and
clinical experience, and intended for within-intervention guidance and longitudinal tracking, rather than actuarial risk
scoring. Annotating a pilot subset (8 clients, 31 sessions), inter-annotator agreement was moderate but improved
after calibration, which is consistent with the linguistic and clinical ambivalence present in the data. We track
a session-wise Protective Ratio, i.e., the share of protective factors among all coded factors, and examine its
behaviour over time during the intervention and around self-reported relapse within clients. In exploratory automation,
LLM-based span extraction outperforms BERT baselines but overall performance remains limited by small data and
mixed-evidence spans. While complete anonymisation of the corpus is in progress, we release the label scheme,
guidelines, and non-sensitive artefacts of our analyses.

Keywords: CSAM prevention, psychosocial risk and protective factors, annotation guidelines, span extrac-
tion, grounded methodology, therapist expertise

1. Introduction and Motivation following detected CSAM-related offences, and clin-
ical populations. Within this so-called Dunkelfeld
(the “dark figure” of undetected offences), there ex-
ists a subset of individuals actively seeking help
to prevent CSAM-related (re)offending (Von Fran-

qué et al., 2023). In our clinical context, we refer

Sexual interest in minors (commonly described as
pedophilic or hebephilic interest) constitutes a per-
sistent sexual preference pattern rather than, in
itself, a criminal act (Jahnke, 2018). Such interests

are classified under paraphilic disorders only when
the person has acted on their urges, they cause
distress, impairment, or involve risk of harm to them-
selves or others (American Psychiatric Association,
2022). Acting on such urges can manifest in dif-
ferent forms, including contact child sexual abuse
(CSA) and the use of child sexual abuse material
(CSAM); images or other media depicting the abuse
or exploitation of minors. While these behaviours
are interconnected, research recognises distinc-
tions between contact and non-contact offending
populations in terms of risk profiles, motivations,
and intervention needs (Babchishin et al., 2015).

A growing body of research also distinguishes be-
tween forensic populations, who enter the system

to this as relapse, i.e., a return to CSAM use, as
self-reported by clients. Many such individuals ex-
perience fear of disclosure (Jahnke, 2018). In re-
sponse, several prevention-oriented programmes
have emerged to offer confidential and, in some
cases in their online extensions, anonymous ther-
apeutic or self-guided interventions for individu-
als seeking to manage their attraction responsibly.
These initiatives reveal an underserved population
of help-seeking individuals whose communications
with counsellors provide a unique window into cog-
nitive, emotional and behavioural cues relevant for
relapse prevention. Understanding which factors
could predict positive or negative trajectories is crit-
ical for effective intervention.
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We differentiate between risk factors that could in-
crease the likelihood of relapse, and protective fac-
tors, resources, strategies, or cognitions that could
help prevent or reduce the likelihood of relapse.
This work explores how such factors are expressed
linguistically in preventive CSAM intervention chats
and whether they can be tied to intervention out-
come and self-reported relapse behaviours. We
introduce a domain-specific annotation scheme tai-
lored to these dialogues and report inter-annotator
agreement and statistical analyses on detected fac-
tors.

The scheme is intended to support the manual
creation of a gold standard set that could train and
evaluate automatic classifiers to produce a large-
scale, transparent corpus. Prospectively, this data
could be utilised in building a tool to help flag risk
and protective factors in client talk, support thera-
pists’ decision-making during sessions and enable
the longitudinal tracking of client progress with re-
spect to therapist intervention. We furthermore
provide a first baseline using Large Language Mod-
els for extracting the defined factors. Finally, we
conducted a semi-structured expert interview, as
previously done by Klymenko et al. (2022). Ref-
erences to the interview or expert opinion will be
marked throughout with an asterisk (*). The full
annotation scheme and guidelines and a transcript
of the interview can be found on Zenodo'.

2. Related Work

Unlike other medical domains with routinised out-
comes and large public datasets, preventive thera-
peutic interventions regarding sexual offences lack
shareable corpora, despite increasing interest in
dynamic risk modelling and online interventions.
Therefore, this work bridges three strands of prior
work: (i) client language and outcomes, (ii) foren-
sic risk-assessment constructs, and (iii) secondary
prevention in the Dunkelfeld.

Client language and intervention outcomes. A
recent survey of mental health datasets empha-
sises that while labelled datasets on multi-class
classification and questionnaire score prediction
exist, there is a particular scarcity in genuine ther-
apy corpora (Mandal et al., 2025). Research on
online, text-based counselling shows that client lan-
guage can be annotated reliably and is predictive
of subsequent outcomes. For Motivational Inter-
viewing (MI), a therapy strategy used, e.g., in the
treatment of addiction, Wu et al. (2023) released a
dataset of transcribed counselling dialogue demon-
strations, expert-annotated for MI-specific concepts
such as change- and sustain-centered client talk on

"https://zenodo.org/records/19189153

the dialogue and utterance levels. Previous works
in the field of MI have found that while an associ-
ation with change talk has not been consistently
reported across studies, sustain talk was positively
associated with worse outcome (Magill et al., 2018).

Ewbank et al. (2021) manually coded transcripts
of internet-enabled Cognitive Behavioural Therapy
(CBT) for five categories of client utterances, in-
formed by the MI technique (Amrhein et al., 2003).
This was then utilised in training a deep-learning
classifier to auto-code transcripts at scale. Model
performance reached human-level agreement on
most of the categories and, crucially, the automat-
ically derived signals were reliably linked to out-
comes. They also identified demographic predic-
tors of reliable improvement from the first session.
Together, these findings indicate that span-level la-
bels on client talk are both feasible and informative
for downstream support tools.

Risk assessment in the forensic field. Foren-
sic risk-assessment frameworks used with con-
victed sexual offenders offer constructs relevant
to, among others, sexual preoccupation, cognitive
distortions, and self-regulation. Actuarial tools (e.g.,
STATIC-99R) quantify risk from static, file-based
information (Phenix et al., 2017). Structured pro-
fessional judgement (SPJ) approaches (SVR-20;
RSVP) use standardised item sets in combination
with decision guidance to support clinician risk for-
mulation (Hart and Boer, 2020). Dynamic instru-
ments (STABLE-2007; ACUTE-2007) capture rel-
atively stable and acute changeable factors, and
recent work links their scores to recidivism among
men adjudicated for CSAM offences (Babchishin
et al., 2023). For CSAM-specific recidivism, the
Child Pornography Offender Risk Tool (CPORT)
operationalises offence-relevant items and shows
predictive utility (Seto and Eke, 2015). Recent
review work has also synthesised psychosocial
characteristics and risk-related profiles in detected
CSAM offenders (Barroso et al., 2026). These tools
and findings conceptually inform our annotation
scheme. However, they are not directly transfer-
able to anonymous, therapist-led prevention chats
with undetected offenders or individuals at risk of
CSAM:-related offending (Von Franqué et al., 2023).

Secondary prevention in the Dunkelfeld. Sec-
ondary prevention services reach voluntarily help-
seeking individuals outside the justice system. Eval-
uations report decreases in offence-supporting cog-
nitions and emotional deficits, alongside gains in
self-regulation, although a residual risk of CSAM
use (relapse) may persist (Beier et al., 2015;
Von Franqué et al., 2023). Therapist-led, chat-
based anonymous interventions broaden access,
with CBT approaches showing initial reductions in
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CSAM viewing among motivated users (Latth et al.,
2022). Other studies indicate substantial demand
and characterise user profiles, including factors
linked to help-seeking and motivation to stop (Insoll
et al., 2024), as well as higher distress and CSAM
use disclosures among users with pedophilic or
hebephilic interests (Schuler et al., 2021).

Prototype therapist-assistive Al tools for chat-
based interventions in the domain reduce clini-
cians’ perceived cognitive load (Deshpande et al.,
2025a), and retrieval-augmented LLM suggestions
can match or exceed therapist replies (Deshpande
et al., 2025b). These findings underscore that ther-
apist support at scale requires machine-actionable,
span-level labels that index risk or protective fac-
tors.

3. Data

| went back to a forum where | go by
the name of Shadow92. So | have
actually used CSAM twice since our
last meeting.

Protected Health Information
Relapse Behaviour

Why does it have to be me who is RF3: Avoidance, Suppression
attracted to children? My biggest
wish is that this goes away. | just want

to be normal.

Stress is a big one. When | feel lonely
or hopeless, the thoughts get worse.
I've also had a hard time dealing with
my own past. Sometimes | wonder if
that's why I'm like this.

RF7: Comorbidities,
Low Well-Being

| also went on Instagram and | knew
beforehand that | might see a few
pictures that would trigger an urge in
me to masturbate. So | thought to
myself "when | see a young boy | will
first count to 10 and then see what |
will do". And that is what | did.

PF8.L: Z’f‘::ampa'zt; It is really remarkable how you manage
to stick to your coping strategies in
some difficult situations.

PF 3: Acceptance

PF 4.1: Recognition and
Functional Handling
of Impulses

| know that | can't change what I'm
attracted to. But | want to try to
change how | respond to it. | don't
have to let it control me.

Figure 1: A fictional example excerpt of a session
between a therapist and a client with annotated risk
and protective factors.

We tailored our annotation scheme to chat
transcripts from intervention chats between help-
seeking individuals and therapists. They were col-
lected within an anonymous online study on pre-
ventive support for individuals self-reported to be
at risk of CSAM-related offending, conducted by
the Institute of Sexology and Sexual Medicine at
Charité — Universitatsmedizin Berlin. A fictional ex-
ample of one such therapy chat is shown in Figure 1.

Tokens
62,034

Clients Sessions

8 31

Tokens per Session
2,001

Table 1: Corpus size and typical session length.

Participants enrol voluntarily and have the right to
withdraw at any time. Eligible individuals provide
informed consent to the use of their chat transcripts
for research. Over the course of a 12 week period,
participants receive access to self-help material
and a varying amount of scheduled chat sessions
with a therapist of 50 minutes each. Both thera-
pists and clients remain anonymous throughout.
Chat logs are stored on secure institutional servers
without personal identifiers and are automatically
de-identified, replacing detected PHI with place-
holders before using them for annotation. We retain
anonymised speaker and time metadata to capture
turn-taking.

Although a substantially larger, multilingual cor-
pus is being collected, for this first annotation study
we focus on a randomly selected subset of eight En-
glish speaking clients (details in Table 1). While we
cannot release raw transcripts at this time, we are
conducting iterative de-identification to annotate
and remove remaining Protected Health Informa-
tion? as well as indirect identifiers (as suggested by
Baroud et al., 2025) with the goal of sharing an ex-
tensively anonymised subset in the future, subject
to ethics approval and data sharing agreements.

4. Guideline Development

We next describe the process of developing our
annotation scheme and guidelines. Factors are
intended as clinically interpretable anchors and ac-
tionable labels for session guidance and longitudi-
nal tracking, not as actuarial or forensic risk scores.

4.1. Annotation Scheme and Guidelines

We target a preventive, non-forensic setting: vol-
untarily help-seeking individuals concerned about
their (risk of) CSAM use. Our proposed annota-
tion scheme is shown in Table 2. The first version
was drafted by a team member with extensive clin-
ical experience working with individuals at risk of
CSAM-related offending in both offline and online
settings. Combined with this, a targeted synthesis
of prior research informed a first-pass taxonomy of
linguistically observable risk and protective factors
indicative of potential relapse behaviour, suitable
for span-level annotation in therapist-led chats. In
our annotation, we prioritised concepts that clini-
cians actively monitor during prevention work, and
which can be expressed explicitly or implicitly in

2PHI, annotation guidelines by Lohr et al. (2024).
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client talk and could be actionable for session-by-
session tracking.

The complete annotation guidelines include fur-
ther descriptions of factors, fictional example spans
for each factor, and guides on prioritisation between
some semantically adjacent factors. Definitions of
some factors also include client talk of recognising
the importance of certain protective concepts, even
if it did not reflect in their actions. While the pro-
posed annotation scheme is domain-specific and
purpose-built for preventive chat interventions, all
factors are conceptually grounded in prior research.

4.2. Grounding in Existing Literature

Sexual preference for children (RF1) has been
found to be more prevalent in users of CSAM, with
previous work reporting that online offenders score
higher on measures of pedophilic interest (Schuler
et al., 2021; Babchishin et al., 2015). Regarding
preference patterns (RF1.1), the CPORT, having
shown predictive utility for sexual recidivism among
CSAM offenders, includes items on male-focused
interest as a risk-enhancing factor (Seto and Eke,
2015). Consequently, non-exclusivity, present
sexual interest in adults (PF1), is treated as a pro-
tective factor consistent with strengths-based reha-
bilitation (Ward et al., 2025; Willis and Ward, 2024)
and emerging work on dynamic protective factors
that reduce reliance on illegal material by opening
pathways to viable, lawful intimacy (Thornton et al.,
2024).

The Good Lives Model (Ward et al., 2025) frames
capability-building for prosocial, consensual rela-
tionships as incompatible with offending. Thus,
mentions of healthy intimacy (PF2) mark a pro-
tective trajectory. Clinic-centred prevention reports
similarly target relational functioning and empathy
as change mechanisms in voluntarily help-seeking
populations (Von Franqué et al., 2023; Beier et al.,
2015). Difficulties forming or maintaining trust-
ing, mutually supportive adult relationships
(RF2, 2.1) are treated in structured professional
judgement (SPJ) and dynamic frameworks as rela-
tively stable vulnerabilities (Babchishin et al., 2023;
Hart and Boer, 2020).

Non-acceptance, active avoidance or sup-
pression of the sexual preference in client state-
ments (RF3) is treated as risk relevant, as it can
undermine self-regulation and increase distress,
making planned coping harder (Hart and Boer,
2020). Shame- and avoidance-driven presenta-
tions could also reduce engagement and follow-
through, with clinical prevention reports suggest-
ing that moving towards an accepting, integrated
self-image (PF3) can support consistent coping
and value-congruent behaviour (Von Franqué et al.,
2023; Beier et al., 2015).

SPJ frameworks consider problems with stress or
coping a risk factor in the psychological adjustment
domain (Hart and Boer, 2020). Consistent with this,
we annotate dysfunctional coping and impulse
control deficits (RF4, 4.1), because relapses of-
ten occur when self-regulation fails in the presence
of acute triggers*. CBT models describe the op-
erational mechanism of high-risk situations paired
with ineffective coping leading to relapse, whereas
specific, healthy coping responses (PF4) can in-
terrupt the chain (Marlatt and Donovan, 2005). In
the CSAM context, early evidence from internet-
delivered CBT shows that equipping motivated
users with concrete coping strategies can reduce
viewing of problematic content (L&tth et al., 2022).

Cognitive validation (RF5) captures offence-
supportive attitudes and minimisations that reduce
perceived wrongfulness or harm, which has been
found to be an empirically supported risk factor for
sexual recidivism (Mann et al., 2010). SPJ frame-
works also consider denial of sexual violence and
attitudes that condone violence as risk factors (Hart
and Boer, 2020). Qualitative interviews suggest
that there are implicit theories in child abusers that
account for the majority of their cognitive distortions
(Marziano et al., 2006). In CSAM specific work, re-
views report closely related cognitions in online
offending (Bartels and Merdian, 2016). We code
recoghnition of harm (PF5) as protective counter-
part.

Past problematic behaviour, specifically CSAM
use, and criminal history (RF6) are consistently
linked to higher recidivism risk in CSAM literature
(Babchishin et al., 2015). The CPORT opera-
tionalises case file-derived predictors (e.g., offence
history) and has demonstrated predictive utility for
sexual recidivism among CSAM offenders (Helmus
et al., 2025; Eke et al., 2019). We code as pro-
tective factors (PF6, 6.1) when clients articulate
healthy sexual behaviour or abstinence from
illegal material explicitly for fear of legal conse-
quences, reflecting observations that such client
talk may relate to more favourable trajectories™.

Comorbidities and low well-being (RF7) are
annotated because co-occurring burdens (e.g., de-
pressed mood, anxiety, or substance use) can
weaken self-regulation and amplify triggers, in-
creasing relapse risk*. This is consistent with in-
struments that flag negative affect and substance
use (Babchishin et al., 2023) and with SPJ guid-
ance integrating psychosocial adjustment and men-
tal disorders into risk assessment (Hart and Boer,
2020). Complementarily, we annotate explicit state-
ments of well-being (PF7) that go beyond courtesy
phrases.

Poor therapy and change commitment, and
externalisation (RF8, 8.1) captures general
agency-distancing client talk. SPJ guidance treats
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Risk Factors

RFO Not specified
RF1 Sexual preference for children

RF1.1 Sexual preference for male children

RF2 Intimacy deficits, lack of trustful social
relationships

RF2.1 Being in a dysfunctional relationship

RF3 Avoidance, suppression, missing ac-
ceptance of the sexual preference

RF4 Dysfunctional coping (strategies)

RF4.1 Lack of impulse control

RF5 Reduction of cognitive dissonance, cog-
nitive validation of problematic be-
haviour

RF6 Past problematic behaviour, criminal
history

RF7 Comorbidities, low well-being, other
psychological problems or diseases

RF8 Poor therapy and change commitment,
missing confidence about reaching the
goals and changing behaviour

RF8.1 Directing responsibility to someone
else, externalising problems

RF9 Sociodemographic factors

RF10 Hypersexuality, sexual preoccupation

RF10.1  Failure to satisfy sexual needs in a
healthy way

RF11 Hostility, preoccupation towards other
groups

RF12 Compulsive sexualisation of non-sexual

content (of children) and/or situations
(with children)

Protective Factors

PF1 Non-exclusivity of the sexual preference
for children
PF2 Healthy intimacy, trustful social relation-

ships and acknowledgement of the im-
portance of it

PF3 Acceptance of the sexual preference

PF4 Functional coping (strategies)

PF4.1  Recognition and functional handling of
impulses

PF5 Recognition of the abuse of children in
the material

PF6 Healthy sexual behaviour

PF6.1  Abstinence of problematic behaviours
due to fear of legal consequences

PF7 Well-being

PF8 Cooperation with therapist, commit-
ment to the treatment or study setting

PF8.1  Therapist’s affirmation of commitment

PF10  Skills to satisfy sexual needs (urges)

in a healthy way without harming them-
selves and/or others

Table 2: Overview of the proposed annotation scheme with risk (left) and protective (right) factors.

issues with treatment or supervision and negative
attitudes towards the intervention as risk indicators
(Hart and Boer, 2020). In Ml research, sustain talk
and therapist-client discord track poorer outcomes,
whereas commitment (PF8) and reason or need
language predict improvement (Miller, 2023; Magill
et al., 2018). Analyses on internet-enabled CBT
similarly show that motivated client talk relates to
better outcomes (Ewbank et al., 2021). Specific
to chat-delivered intervention, we also code thera-
pist’s affirmation of commitment (PF8.1).

We consider several risk-relevant sociodemo-
graphic factors (RF9). While the CPORT consid-
ers age of 35 or younger at time of the index investi-
gation as an item related to higher risk of recidivism
(Seto and Eke, 2015), we follow the observations of
involved therapists that relatively young age at the
time of the intervention could be associated with
negative outcomes®. Informed by SPJ guidance,
we also annotate problems with employment (Hart
and Boer, 2020), and housing.

In risk factor syntheses, hypersexuality (RF10)
is identified as a correlate (Mann et al., 2010),
and CSAM-focused reviews note how sexual pre-
occupation, in combination with availability and

anonymity online, sustains use and can co-occur
with escalation of the unwanted behaviour in sever-
ity or frequency (RF10.1) (Helmus et al., 2025;
Baskurt et al., 2025). Correspondingly, we explicitly
code mentions of skills to satisfy sexual needs
in a healthy way without harming themselves or
others (PF10), countering preoccupation by en-
abling concrete, value-consistent choices (Latth
et al., 2022).

Hostility-laden preoccupation (RF11), the
combination of hostile affect and sexual focus, is
theoretically well-grounded. The confluence model
links hostile masculinity and impersonal or sexu-
alised cognition to elevated risk for sexual ag-
gression (Malamuth et al., 1996). We code this as
compulsive sexualisation of non-sexual content or
situations (RF12).

5. Annotation

The annotation was carried out by a team of five
trained annotators. The team included both do-
main experts and trained research assistants, en-
suring that clinical expertise and methodological
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rigor were combined throughout the annotation pro-
cess. One of the annotators was a physician and ex-
perienced therapist actively involved in the chat in-
terventions from which the data were drawn, provid-
ing first-hand contextual insight into the therapeutic
setting. The remaining annotators comprised a re-
search associate in clinical psychology, a final year
Bachelor’s student in psychology, a final year Mas-
ter’s student in computer science, and a computer
science student with a medical background.

All annotators were fluent in English and received
detailed instruction on the annotation guidelines
prior to beginning the task. Before the main an-
notation phase, they participated in a structured
training phase that included guideline familiarisa-
tion, collective discussion of example cases, and
pilot annotations on a small subset of the data. This
pilot phase served to refine both the guidelines and
the annotators’ shared understanding of the cate-
gories to be applied.

Annotation was performed using INCEpTION?,
which supports span-level annotations with type
(RF or PF) and feature assignments (exact labels
of respective factors). All data was stored on an
institute-owned server with restricted use and ac-
cess only via the INCEpTION interface. Regular
calibration meetings were held throughout the anno-
tation process to discuss ambiguous cases, ensure
consistency, and update the guidelines.

The dataset was divided into multiple subsets
for annotation. Two annotators independently an-
notated one subset?, and two different annotators
independently annotated a second subset. A small
portion of the data was annotated by all four annota-
tors who took part in the second iteration to facilitate
comprehensive reliability assessment. The task of
the annotators was to (i) identify relevant spans
in the conversations between therapist and client,
(i) decide whether the span was a protective or a
risk factor and, finally, (iii) decide which factor ex-
actly was represented, following the definitions in
Table 2 and further hints from our annotation guide-
lines. Descriptions of CSAM use since the last
session were annotated separately from the factor
scheme as Relapse Behaviour. Additionally, two
annotators labelled the entire session with a binary
document-level label for relapse (known relapse or
no relapse since the last session).

Across the 31 annotated sessions, annotators
identified 1,670 factor instances in total, comprising
775 risk factors and 895 protective factors. This
corresponds to an overall pooled protective ratio of
0.54, indicating a slight predominance of protective
over risk-related client talk in the pilot corpus. We

3https ://inception-project.github.io/;
version 35.2.

4One subset was annotated by three annotators. Nor-
malisation was performed when computing 1AA.
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report the current status and results of annotations
and corresponding challenges after two iterations of
group discussion and guidelines as well as scheme
refinement in the following. Further results and
considerations are reported in Appendix A.

Inter-annotator agreement (IAA) was calculated
on overlapping subsets of the data to monitor an-
notation reliability and to guide iterative revisions
of the scheme. For this, we used Krippendorff's
« (unitizing) (Krippendorff et al., 2016) computed
natively in INCEpTION, giving credit for partial over-
lap. To analyse IAA in more detail, we also com-
puted relaxed I,°® (Hripcsak and Rothschild, 2005).
We performed label-aware 1:1 greedy maximum-
overlap matching (>0 character overlap) in three
modes (general, exact, categorised). True posi-
tives were counted as overlap and agreement on
exact factor label, general type (RF/PF), or cate-
gory. We aggregated results as pooled micro-Fi,
and session-macro. Differences across iterations
and between exact vs. categorised were quantified
with bootstrap percentile 95% CI.

i ia A(ig — 1)
0.33 0.60 0.27***
(pos) [0.22-0.41]  [0.53-0.67] [0.15-0.40]
RE 0.15 0.36 0.22t
[0.02-0.26]  [0.20-0.54] [0.02-0.42]
PF 0.33 0.40 0.07 (n.s.)
[0.25-0.41]  [0.27-0.54]  [-0.09-0.23]

Table 3: «,. Improvement over iterations (i) per an-
notation dimension: (pos) for position, RF and PF
for risk factor and protective factor, respectively.
Means; 95% CI in brackets. Significance of A
tested via permutation tests: ***p < .001, fp < .10,
n.s. = not significant.

Krippendorff's « (unitizing) agreement on the
span-level position of annotations increased signifi-
cantly across iterations (details in Table 3). Agree-
ment on risk factors improved descriptively, ap-
proaching conventional significance. For protective
factors, no robust improvement was observed. On
one session annotated by four annotators within
the second iteration, «,, scores reached 0.48 for
position, 0.47 on risk factors and 0.40 on protective
factors, respectively.

Session-macro micro- and macro-F; improved
significantly across sessions at both the general
(RF vs. PF) and the exact factor level (see Table 4).
These gains indicate that calibration meetings held
between iterations improved both the coarse deci-
sion between risk or protective factor and the finer-
grained code assignments, with the largest abso-
lute improvements observed at the general level.

®Used libraries are reported in Appendix A.



71 19 A(l2 - il)
micro 0.56 0.68 0.13**~
general  1047-0.64] [0.60-0.75]  [0.05-0.20]
micro 0.41 0.53 0.12*~
ezact [0.32-0.49] [0.45-0.61]  [0.03-0.21]
macro 0.52 0.67 0.15*
general  1043-060] [0.58-0.75]  [0.05-0.23]
macro 0.31 0.43 0.12*
eract  [0.21-0.40] [0.33-0.53]  [0.01-0.23]

Table 4: Relaxed F;. Improvement over itera-
tions (i): on the type level (general, RF vs. PF)
and the exact factor level. The rows labelled mi-
cro and macro report session-macro micro-F; and
session-macro macro-Fy, respectively. Point esti-
mates; 95% Cl in brackets. A: session-level boot-
straps; significance tested with unpaired bootstrap:
*p < .001, **p < .01, *p < .05.

Annotator confusion between factors and con-
trastive disagreements. In a subsequent effort
to improve stability and annotator consistency, we
tested grouping semantically similar fine-grained
labels into higher-level categories within their type
(RF and PF, respectively). Factors where no ad-
jacent label was sulfficiently similar to justify merg-
ing were retained as singleton categories. Pooling
sessions from both iterations, agreement improved
only in a modest, albeit consistent, manner.

In the second iteration of annotations, the main
confusion hubs were risk factors of the category
Affect-/stress-driven coping and impulsivity. Fac-
tors within Self-regulation and functional coping
mirrored this on the protective side. Importantly,
the factor with the most observed contrastive dis-
agreements between risk and protective factors
was Recognition and functional handling of im-
pulses (PF), with relatively high counts of confu-
sions with both Dysfunctional coping (strategies)
(RF) and Lack of impulse control (RF).

6. Results

We present quantitative analyses of annotated risk
and protective factors, tracking their distribution
across sessions and around relapse, and report
pilot span-extraction results with large language
models (LLMs). Further results are reported in
Appendix B.

6.1.

To examine changes in the relative distribution of
protective versus risk factors across sessions, we
computed a Protective Ratio (PR) per client and
session, npr/(npr + ngr), where npr and ngp
are the numbers of annotated protective and risk
factors.

Protective Ratio Over Time

At the session level, the Protective Ratio had a
mean of 0.55, a median of 0.52, and ranged from
0.12 to 1.00.

A linear mixed-effects model revealed a signifi-
cant positive effect of session number (5 = 0.11,
SE = 0.03, p < .001, 95% CI [0.05, 0.16]). This
indicates that the relative proportion of protective
factors systematically increased over time across
all clients.

Protective vs Risk Factors Over Time (All Clients)
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Figure 2: The trends of risk (red) and protective
(green) factors over time, i.e., intervention sessions.

We also plotted mean per-client counts of protec-
tive and risk factors by session number to visualise
their trajectories (Figure 2). In addition, we cal-
culated monotonic trend tests for each individual
client. While some clients showed clear monotonic
increases in PR, others displayed more variable
trajectories.

6.2. Protective Ratio Around Relapse

To examine whether the balance between protec-
tive and risk factors changes around relapse, we
aligned sessions to self-reported relapses (pre-
or post-relapse session windows) and contrasted
them against all other sessions from the same client
(baseline) using two-sided permutation tests. Dif-
ferences (A) are computed as window minus base-
line; negative values indicate a decrease from base-
line. For the Protective Ratio, we summarise both
a pooled, and the mean session-wise PR. In the
pre-relapse window, both pooled and mean PR de-
creased relative to baseline (A =-0.10). In the post-
relapse window, pooled PR was likewise lower (A
=-0.07) and the mean PR showed the largest drop
(A =-0.16). Though these effects are exploratory
at the present pilot size, sessions immediately sur-
rounding relapse contain a relatively higher share
of risk than protective factors.
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6.3. Factor-Level Analyses Around
Relapse

For analyses on the exact factor level, we sum-
marise the largest directional movers as ex-
ploratory effect sizes. We quantified relapse-
aligned changes for each exact factor using two
lenses: presence (difference in the proportion
of sessions in which a factor appears), and nor-
malised rate (difference in factor counts divided by
total annotations in the respective session), indi-
cating the relative dominance of these factors just
before or after relapse.

For pre-relapse sessions, across lenses, the
strongest changes were increases for mentions
of Avoidance, suppression, missing acceptance
of the sexual preference (RF3; A, csence = 0.52,
Arqte = 0.05) and Comorbidities, low well-being
(RF7; Apresence = 0.41, Apqre = 0.05), and smaller
decreases across several protective factors. Post-
relapse, Cooperation and commitment (PF8), Skills
to satisfy sexual needs in a healthy way (PF10),
Recognition of the abuse of children (PF5), and
Healthy sexual behaviour (PF6) appeared less
often, whereas Dysfunctional coping (RF4) and
Avoidance and non-acceptance of the sexual pref-
erence (RF3) were comparatively more dominant.
An across-client sensitivity analysis (global label
shuffling) yielded similar rankings.

6.4. LLM-based Span Extraction

To explore the feasibility of automatic span extrac-
tion for risk and protective factors in CSAM-related
therapeutic chats, we conducted pilot experiments
using expert-annotated sessions as gold standard
data.

To evaluate large language models (LLMs), we
used Qwen2.5:14b°® and Mistral: 7b” in few-shot and
fine-tuned setups. Prompts were enriched with ex-
amples and definitions derived from our annotation
guidelines. Qwen2.5:14b served as the primary
model, with Mistral:7b as a secondary baseline.
Classification was performed both at the span level
(span), and for entire messages (message), with
separate runs for risk and protective factors (best
results reported in Table 5).

In addition, we experimented with three BERT-
based models. While these models could capture
some patterns, their performance was substantially
lower than that of the LLMs. Overall, protective
factors were more accurately detected than risk
factors. Further details, prompts, and results of the
experiments will be reported in Appendix C.

8last accessed on 04.10.2025 via https://ollama.

com/library/gwen2.5

7last accessed on 04.10.2025 via https://ollama.

com/library/mistral

Model Type / Level F, Score
Qwen2.5:14b (ft) PFs (span) 0.350
Qwen2.5:14b (fs) RFs (message) 0.296

Table 5: Best results of LLM span extraction exper-
iments. “ft” refers to fine-tuned models, while “fs”
refers to few-shot models.

7. Discussion and Outlook

Improved agreement across two annotation itera-
tions indicates that annotator calibration meetings
and revised, specific guidelines translate into better
convergence. While absolute agreement scores re-
main moderate, we consider this a good result for pi-
lot annotation, considering the task’s linguistic sub-
tlety and the breadth of the taxonomy. Importantly,
many observed disagreements appear to reflect
genuine clinical ambivalence rather than noise™.
Several factors are best understood on a contin-
uum, moving toward risk or protection depending on
how clients express themselves on the same topic™.
A concrete example are relationships: trustful, ful-
filled intimacy functions protectively, whereas lack
or poor quality of intimacy could increase risk. Sim-
ply “being in a relationship” is not protective without
evidence of quality*. Whether a segment is coded
as risk or protective factor frequently hinges on
span boundaries as well, and whether annotators
actually privilege intention or recognising the impor-
tance of certain concepts over actual behaviour as
per our guidelines. Consequently, most contrastive
disagreements happen around coping and impulse
control; conscious reflection of dysfunctional cop-
ing could itself be protective, yet is easy to misread
as risk*. These factors were also the most disputed
in calibration meetings™*.

Complementary analyses suggest that the
scheme captures clinically coherent dynamics*.
The Protective Ratio shows a systematic increase
across sessions of all clients, while relapse-aligned
windows show lower PR (a higher share of risk
factors) in sessions before and after relapse. Clini-
cally, post-relapse sessions often focus on relapse
processing, which raises the salience of risk-coded
talk even as it serves a therapeutic goal*. The
pre-relapse elevation of clients expressing Avoid-
ance or non-acceptance (RF3) and mentioning
Comorbidities or low well-being (RF7) is intrigu-
ing against heterogeneous client profiles*, and in-
dicates a possibility to detect factors that gener-
alise across clients as early warning signals, given
a larger database. While exploratory at current
power, these patterns are directionally consistent
with clinical experience®.

In pilot experiments, LLMs outperformed BERT-
based models on span extraction, but absolute
scores remain modest. This is plausible given the
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small corpus, fine-grained labels, and the preva-
lence of mixed-evidence spans, and it mirrors the
ambiguity seen in human annotation. Protective
factors were detected more accurately than risk fac-
tors, which is consistent with their lower conceptual
complexity and the smaller number of class dis-
tinctions. This pattern is also visible in IAA results,
especially in the first annotation iteration.

Next, we will prioritise corpus growth, guideline
tightening, and annotator training. Concretely, we
will use fictional examples to synthesise diverse
client profiles and intervention sessions. We will
run adjudication sprints, and update the guidelines
accordingly. Resulting annotations will be used
for further annotator calibration, with a focus on
span boundaries and contrastive risk versus protec-
tive factor decisions. To lower annotator cognitive
load and improve label consistency, we suggest
developing a flow-based decision aid that supports
the coding of ambiguous spans and delivers tie-
break rules. Future work could also examine client
profiles to test whether specific constellations of
factors are associated with elevated relapse risk,
and further analyse criterion validity of the factors
against relapse behaviour and therapist-judged re-
lapse risk.

8. Conclusion

This work translates clinically meaningful risk and
protective factors into span-level labels for therapist-
led, prevention-oriented chats with voluntarily help-
seeking individuals concerned about their risk of
CSAM use. We introduce an annotation scheme
and guidelines, ran a two-iteration pilot with tar-
geted calibration, and observed reliability gains.
Factor dynamics were examined using within-client
baselines aligned to self-reported relapse. The Pro-
tective Ratio rises generally across sessions, but
dips around relapse. Thus, the scheme is sensi-
tive to session progression and relapse proximity
and, with further guideline refinements and anno-
tator training, can be used to create an actionable
dataset. Although more annotated training and
evaluation data are required before robust mod-
els are feasible, LLMs hold promise for identifying
clinically relevant language patterns in prevention-
oriented CSAM interventions.
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Limitations

We acknowledge several limitations of the present
study. The current corpus is relatively small, which
constrains the statistical robustness of our obser-
vations and limits the generalisability of the find-
ings. Accordingly, some of the reported tenden-
cies should be read as preliminary rather than con-
clusive. While inter-annotator agreement (IAA) re-
mains comparatively low, we view this as an infor-
mative result in its own right. It reflects the concep-
tual and linguistic difficulty of coding psychosocial
risk and protective factors in therapeutic discourse,
where genuine ambivalence and span-boundary
judgements are common. Model performance re-
mains modest, reflecting both the small data size
and the challenging, context-dependent nature of
the task.

The dataset itself cannot yet be shared, as full
anonymisation and completion of the annotation
process are still ongoing. This necessary restric-
tion currently limits reproducibility and external val-
idation. However, we open-source non-sensitive
artefacts related to this study, such as annotation
guidelines, the label scheme, and results of our
analyses.

Our scheme includes factors adapted from tools
developed for forensic contexts. They are clini-
cally plausible in our prevention-oriented Dunkelfeld
chats, but not directly transferable. Base rates,
help-seeking and disclosure incentives, and our
span-level, language-based coding differ from file-
or clinician-rated risk assessment. We therefore
read our results with caution, as useful clinical cues
rather than actuarial indicators. Future work should
further establish validity in prevention cohorts.

Finally, potential sampling biases must be con-
sidered: the available data involve exclusively male
clients, which may not fully represent the entire pop-
ulation of individuals seeking help for CSAM-related
concerns. Despite these limitations, the study es-
tablishes a valuable foundation for future research
on the linguistic identification of psychosocial risk
and protective factors in prevention-oriented inter-
ventions.

Ethical Considerations

Working with data related to child sexual abuse ma-
terial and associated risk/protective factors involves
significant ethical and societal responsibility. The
individuals whose data inform this work are part of
a highly vulnerable and stigmatised population. All
data were collected and processed in strict com-
pliance with ethical guidelines and applicable data
protection regulations. Prior to any analysis, data
were de-identified and will undergo full anonymi-
sation before potential publication or sharing. No
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personally identifying information is disclosed at
any stage of the project.

Due to the sensitive nature of the material, par-
ticular attention was paid to ensuring psychological
safety for all researchers and practitioners involved
in data handling and annotation. Regular open dis-
cussion was offered to minimise exposure-related
distress and to maintain a high standard of ethical
awareness.

Despite these challenges, this work addresses
an ethically crucial domain: prevention and early
intervention. Developing tools that can help de-
tect psychosocial risk and protective factors in
anonymised therapeutic communication has the
potential to support therapists in their decision-
making, contribute to offender prevention, and ulti-
mately enhance victim protection. The overarching
goal of this research is not surveillance or control,
but the empowerment and support of therapeutic
professionals and the advancement of evidence-
based prevention efforts.

Ethical Approval. The chat study was reviewed
and approved by the institutional ethics board of
Charité — Universitatsmedizin Berlin under approval
number EA4/187/24, ensuring compliance with all
relevant ethical and legal standards for research
involving sensitive and high-risk populations.
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A. Annotation and Agreement

A.1. Consideration of a Scalar Factor
Representation

While developing the annotation scheme and guide-
lines, we explored whether factors could be repre-
sented on a scalar continuum rather than as sep-
arate risk and protective categories. We decided
against this in the present scheme because the
relation between risk and protective factors is not
fully symmetrical; some protective factors do not
have a clear risk-side counterpart, and vice versa.
A continuum-based formulation may nevertheless
be worth revisiting in future work for selected factor
domains.

A.2. Calculation of I}

The F; computation pipeline was implemented in
Python 3.10.8. We used dkpro-cassis 0.7.3 for
reading INCEpTION XMl files and the correspond-
ing type system, PyYAML 6.0.2 for configuration
parsing, and numpy 1.26.4, pandas 2.2.2, and
scipy 1.11.4 for metric computation, aggregation,
bootstrap-based statistical analysis, and CSV ex-
port. F; was computed as a greedy span-overlap
Fy with 1:1 matching based on any character over-
lap of at least one character. We report three vari-
ants: general (risk vs. protective type only), ex-
act (fine-grained factor labels), and clustered (fine-
grained labels mapped to broader clusters). Scores
were aggregated at multiple levels. We computed
pairwise F; scores within each session and then
summarised results as pooled micro-F7, macro-F;
across sessions, and macro-F; across labels, de-
pending on the analysis. To compare annotation
iterations, we estimated differences using session-
level bootstrap confidence intervals with 5,000 re-
samples.

A.3. Exact Factors

Risk factor annotations were dominated by RF7,
RF3, RF1, RF4, and RF4.1, while protective fac-
tor annotations were most frequent for PF4, PF2,
PF8.1, PF4.1, and PF8. Table 6 shows the five
most frequent labels per factor type. Table 7 and
Table 8 report per-label relaxed exact F.

A.4. Clustering Factors into Categories

We considered clustering semantically similar
fine-grained factors into categories, within their
type. For risk factors, we distinguished between
Minor-focused sexual interest and hypersexuality;
Offence-supportive cognitions and minimisation;
Affect-/stress-driven coping and impulsivity; Inti-
macy or relationship deficits and social isolation;
Prior behaviour and learning history; Structural
instability and young age; and Avoidance and/or
shame regarding the preference. Analogously, for
protective factors we defined the categories Sex-
ual responsiveness to adults and non-exclusivity;
Accurate cognitive appraisal of CSA/CSAM and vic-
tim empathy; Self-regulation and functional coping;
Intimacy, social embeddedness and stable relation-
ships; Healthy sexual behaviour; Structural stability,
understood as satisfaction with housing and em-
ployment; and Acceptance of the sexual preference.
Table 9 shows the clustering of semantically simi-
lar fine-grained labels into higher-level categories
within their type (RF and PF, respectively). Table 10
reports overall relaxed F for exact factors, general
factor type, and clustered categories, indicating
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RF7 RF3 RF1

RF4 RF4.1

PF4 PF2 PF8.1 PF4.1 PF8

159 97 85 82 66

n =

163 123 121 119 119

Table 6: Top five most frequent risk and protective factor labels across the pilot corpus.

PF1 PF2 PF3 PF4 PF41 PF5 PF6 PF6.1 PF7 PF8 PF81 PF10
i 072 049 037 058 022 049 007 067 044 025 036 042
iz 060 072 029 061 047 044 050 067 080 051 046 0.00
A(iz—i1) 012 023 -008 003 025 -0.04 043 000 036 026 010 -0.42
Support (i) 235 655 245 810 315 225 145 45 205 630 495 120
Support (i) 150 235 105 330 380 45 20 15 125 195 280 1.0

Table 7: Per-label relaxed exact F; for protective factors. Support is the average of label counts across

the compared annotations within each iteration.

that categorising factors only slightly improved inter-
annotator agreement.

A.5. Confusion and Contrastive
Disagreements

We inspected pairwise confusions between fine-
grained factor labels. These were concentrated in
a small number of conceptually adjacent factors
rather than spread broadly across the inventory.
The most frequent confusion was PF4.1 vs. RF4
(n = 5), followed by PF4 vs. PF4.1, PF4.1 vs.
PF8, PF4.1 vs. RF4.1, and RF4 vs. RF7 (each
n = 4). Overall, the pattern suggests that residual
disagreement was primarily contrastive, especially
in passages concerning coping and impulse han-
dling. Table 11 shows the most frequent confusions
with n > 2. To further analyse where agreement
breaks down, future work could also consider intra-
annotator agreement, i.e., the extent to which in-
dividual annotators apply the scheme consistently
across repeated passes. This would provide ad-
ditional insight into whether disagreement stems
primarily from annotator-specific variation or from
ambiguities in the scheme itself.

B. Relapse-Aligned Analyses

B.1.

To supplement the relapse-aligned results reported
in Section 6.2, Table 12 provides the corresponding
Protective Ratio (PR) values for the pre- and post-
relapse windows and their within-client baselines.
Sessions were aligned to self-reported relapse, us-
ing the session immediately before relapse as the
pre-relapse window (¢t = —1) and the session im-
mediately after relapse as the post-relapse window
(t = +1). Baseline consisted of all other sessions
from the same clients with listed relapse events.
Differences (A) are computed as window minus
baseline. For PR, we report both pooled PR and

Protective Ratio Around Relapse

mean session-wise PR. Permutation tests were
computed within client.

B.2. Factor-Level Analyses Around
Relapse

Tables 13 and 14 list the top five exact-factor
movers by absolute effect size for the pre- and post-
relapse windows, respectively. For each factor, we
report results under two complementary lenses:
normalised rate, defined as the factor count divided
by the total number of annotations in the respective
session set, and presence, defined as the propor-
tion of sessions in which the factor occurs at least
once. All contrasts are computed as window minus
baseline. Results are based on within-client per-
mutation tests. The two panels in each table are
ranked independently by absolute effect size and
are therefore not row-wise matched.

C. Automated Span Extraction

C.1. LLM-based Results

For LLM-based extraction, we experimented with
span-based and message-based detection and
extraction of protective and risk factors using dif-
ferent LLMs, but achieving the best results with
Quwen?2.5:14b%. Underlined scores are the ones re-
ported in the main paper.

Table 15 and Table 16 show the detailed results
of detecting and classifying protective and risk fac-
tors, respectively, without fine-tuning the models.
Fine-tuning the model on silver-annotated data for
classification improved extracting protective factors,
but worsened the extraction of risk factors. Table 17
and Table 18 show the results using the fine-tuned
classifier model.

Finally, we also experimented with message-
based classification, achieving the best result for

8last accessed on 04.10.2025 via https://ollama.
com/library/qwen2.5
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RFO  RF1 RF1.1 RF2  RF2.1 RF3 RF4  RF4.1 RF5 RF6 RF7 RF8 RF8.1 RF9  RF10  RF10.1 RF11 RF12
i1 0.00 0.52 0.00 0.48 0.29 0.47 0.26 0.43 0.57 0.47 0.36 0.29 0.22 0.00 0.62 0.20 0.00 0.50
i 0.00 0.69 0.89 0.67 - 0.72 0.36 0.44 0.00 0.40 0.66 0.00 0.40 0.33 0.33 0.17 - 0.00
Aiz — 1) 0.00 0.17 0.89 0.19 - 025 0.10 0.01 -0.57  -0.07 030 -0.29 0.18 033 -0.28 -0.04 - -0.50
Support (i1) 3.5 53.5 0.5 12.5 24.0 385 305 34.5 3.5 27.5 56.0 3.5 4.5 25 13.0 24.5 1.0 8.0
Support (iz) 45 13.0 4.5 12.0 - 250 195 9.0 1.5 15.0 48.5 1.5 5.0 6.0 6.0 6.0 - 1.5

Table 8: Per-label relaxed exact F; for risk factors. Cells marked — indicate that the label was not present
in that iteration. Support is the average of label counts across the compared annotations within each

iteration.
Category Factors
PF_A  Sexual responsiveness to adults and non-exclusivity PF1
PF_B  Accurate cognitive appraisal of CSA/CSAM and victim empathy  PF5
PF_C  Self-regulation and functional coping PF4, PF4.1
PF_D Intimacy, social embeddedness and stable relationships PF2, PF7
PF_E Healthy sexual behaviour PF10, PF6, PF6.1
PF_F  Structural stability
PF_G Acceptance of the sexual preference PF3
RF_A  Minor-focused sexual interest and hypersexuality RF1, RF1.1, RF10, RF12
RF_B  Offence-supportive cognitions and minimisation RF5, RF8.1, RF11
RF_C  Affect-/stress-driven coping and impulsivity RF10.1, RF4, RF4.1, RF7
RF_D Intimacy or relationship deficits and social isolation RF2, RF2.1
RF_E  Prior behaviour and learning history RF6
RF_F  Structural instability and young age RF9
RF_G Avoidance and/or shame regarding the preference RF3

Table 9: Clustering of fine-grained factors to categories. Some factors remain as singleton categories.

risk factor extraction with this method. Detailed
results are shown in Table 19 and Table 20.
The figures in Appendix C.1 show the respec-

tive prompts for span and message detection and
classification.

C.2. BERT-based Span Extraction (Token

Classification)

A list of the BERT models used for experiments can
be found in Table 22. The results are presented in

Table 21.
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session-macro  session-macro

pooled .
micro macro
exact 0.45 0.47 0.37
clustered 0.49 0.51 0.40
general 0.59 0.62 0.60

Table 10: Overall relaxed F; across all 31 sessions.

Factor A Factor B

n
PF4.1 RF4 5
PF4 PF4.1 4
PF4.1 PF8 4
PF4.1 RF4.1 4
RF4 RF7 4
RF2 RF7 3
RFO RF6 3
RF4 RF4.1 2
RF10.1 RF6 2
RF4 RF8.1 2
RF2 RF8.1 2
RF3 RF7 2
PF4 PF8 2
PF2 PF4 2
PF4.1 RF7 2

Table 11: Most frequent pairwise factor confusions. Only confusions with n > 2 are shown.

Window Aggregation PRuin  PRpase A Dperm
pre (t =—1) pooled 0.439 0.539 -0.101 0.443
pre (t =—1) mean 0.439 0.541 -0.102 0.545
post (¢t = +1) pooled 0.454 0521 -0.067 0.640
post (t = 4+1) mean 0.407 0565 -0.158 0.317

Table 12: Protective Ratio (PR) in pre- and post-relapse windows compared to within-client baseline. A is
computed as window minus baseline.

normalised rate presence
Factor A Dperm Factor A Dperm
RF7 0.053 0.157 RF3 0.524 0.266
RF3 0.049 0.321 RF10  -0.413 0.119
PF2 -0.044  0.041 RF7 0.413 0.270
RF1 0.037 0.246 RF1.1  -0.333 0.376
PF4 0.032 0.377 RF8.1  0.317 0.443

Table 13: Top five exact-factor movers by absolute effect size in the pre-relapse window (¢t = —1) under
the within-client permutation scheme, shown separately for the normalised rate and presence lenses. The
two panels are ranked independently by absolute effect size and are therefore not row-wise matched.

normalised rate presence
Factor A Dperm Factor A Dperm
RF4 0.059 0.044 PF8 -0.571  0.058
RF3 0.054 0.286 PF10  -0.413 0.380
PF4 0.047 0.176 PF5 -0.381 0.288
PF4.1 -0.042 0.431 PF6 -0.381 0.466
RF6 -0.041 0.165 RF4 0.333 0.348

Table 14: Top five exact-factor movers by absolute effect size in the post-relapse window (¢ = +1) under
the within-client permutation scheme, shown separately for the normalised rate and presence lenses. The
two panels are ranked independently by absolute effect size and are therefore not row-wise matched.
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metric relaxed match  exact match

precision 0.484 0.481
recall 0.238 0.210
F1 0.319 0.292

Table 15: Evaluation for span detection and classification on protective factors with Quwen2.5:14b.

metric relaxed match  exact match
precision 0.327 0.327
recall 0.149 0.149
F1 0.205 0.205

Table 16: Evaluation for span detection and classification on risk factors with Quen2.5:14b.

metric relaxed match  exact match
precision 0.431 0.439
recall 0.302 0.290
F1 0.349 0.350

Table 17: Evaluation for span detection and classification on protective factors with fine-tuned Qwen2.5:14b.

metric relaxed match  exact match
precision 0.133 0.132
recall 0.158 0.149
F1 0.145 0.140

Table 18: Evaluation for span detection and classification on risk factors with fine-tuned Qwen2.5:14b.

metric score
precision 0.230
recall 0.383
F1 0.287

Table 19: Evaluation for message classification on protective factors with Quwen2.5:14b.

metric score
precision 0.272
recall 0.324
F1 0.296

Table 20: Evaluation for message classification on risk factors with Qwen2.5:14b.
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Prompt for span detection of protective factors

Given the following message, extract text spans that could be potential protec-—
tive factors in a therapeutical context.

Instruction:

* Given the input message, output only the relevant text spans as string,
nothing else.

e If multiple Spans can be found, create a list of strings like this:
["spanl", "span2"]

* If no span is relevant, output exactly: None

* Do not add explanations, notes, greetings, or any extra words

Example 1:

input: I can imagine the struggle. Personally, I am finding it rather easy
to engage in a conversation with you

output: I am finding it rather easy to engage in a conversation with you
Example 2:

input: I also joined a choir, go to a theatre improvisation class, see a

friend for coffee every morning (which my wife has a hard time to accept) but
it helps me to gain more confidence in accepting myself

output: ["joined a choir, go to a theatre improvisation class, see a friend
for coffee every morning", "it helps me to gain more confidence in accepting
myself"]

Example 3:

input: Hi!
output: None

Now, classify the following message:
input: {message}

Figure 3: Prompt for span detection of protective factors.

Protective Factors Risk Factors

Model Metric
Score Score
Precision 0.002 0.0009
bert-base-cased Recall 0.033 0.010
Accuracy 0.753 0.693
F1 0.004 0.0016
Precision 0.003 0.0005
. Recall 0.049 0.010
DisorBERT Accuracy 0.719 0.524
F1 0.005 0.0009
Precision 0.004 0.001
Recall 0.066 0.010
MentalBERT Accuracy 0.713 0.738
F1 0.007 0.0022

Table 21: Evaluation for token classification on protective and risk factors with fine-tuned BERT models.

Model name Source Last Accessed
bert-base-cased https://huggingface.co/google-bert/bert-base-cased 04.10.2025
DisorBERT https://huggingface.co/citiusLTL/DisorBERT 04.10.2025
MentalBERT https://huggingface.co/mental/mental-bert-base-uncased 04.10.2025

Table 22: List of BERT models used for experiments.
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Prompt for span detection of risk factors

Given the following message, extract text spans that could be potential risk
factors in a therapeutical context.
Instruction:

* Given the input message, output only the relevant text spans as string,
nothing else.

e If multiple Spans can be found, create a list of strings like this:
[”spanl”, "spanZ"]

e If no span is relevant, output exactly: None

* Do not add explanations, notes, greetings, or any extra words

Example 1:

input: Good.. I saw on your questionnaire that you are not in a relationship,
and that you are not happy about that. Did I get that right?

output: you are not in a relationship, and that you are not happy about that.
Example 2:

input: Im not good at speaking with other people, due to my anxiety problems
@

output: ["Im not good at speaking with other people", "my anxiety problems"]
Example 3:

input: Hi!
output: None

Now, classify the following message:
input: {message}

Figure 4: Prompt for span detection of risk factors.

Prompt for span classification of protective factors

You are an annotation system. You must respond **only** with the relevant
category labels, exactly as specified. Categories: {protective_factors}

Instruction:

* Given the input span, output only the relevant category labels (e.g.,
"PF2","PF7"), nothing else.

* If no category applies, output exactly: None
* Do not add explanations, notes, greetings, or any extra words

* One span may fit under multiple categories.

Example 1:

input: Personally, I am finding it rather easy to engage in a conversation

with you

output: PF2

Example 2:

input: Just masturbation, sometimes i use legal porn or fantasies of minors
(which im trying to cut down on) and i’ve started using <NAME> chatbots for

roleplay - only involving adults

output: PF6,PF10

Example 3:

input: Hi!

output: None

Now, classify the following span:
input: {span}

Figure 5: Prompt for span classification of protective factors.
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Prompt for span classification of risk factors

You are an annotation system. You must respond **only** with the relevant cat-
egory labels, exactly as specified.

Categories:

{risk_factors}

Instruction:

¢ Given the input span, output only the relevant category labels (e.g.,
"RE2", "RF7"), nothing else.

¢ If no category applies, output exactly: None
* Do not add explanations, notes, greetings, or any extra words

* One span may fit under multiple categories.

Example 1:

input: you are not in a relationship, and that you are not happy about that.
output: RF2

Example 2:

input: Im not good at speaking with other people, due to my anxiety problems

output: RF2,RFE7
Example 3:
input: Hi!
output: None

Now, classify the following span:
input: {span}

Figure 6: Prompt for span classification of risk factors.

Prompt for message classification of protective factors

You are an annotation system. You must respond **only** with the relevant cat-
egory labels, exactly as specified.

Categories:

{protective_factors}

Instruction:

* Given the input message, output only the relevant category labels (e.g.,
"PF2","PF7"), nothing else.

* If no category applies, output exactly: None
* Do not add explanations, notes, greetings, or any extra words

* One message may fit under multiple categories.

Example 1:

input: I can imagine the struggle. Personally, I am finding it rather easy
to engage in a conversation with you

output: PF2

Example 2:

input: Just masturbation, sometimes i use legal porn or fantasies of minors
(which im trying to cut down on) and i’ve started using <NAME> chatbots for
roleplay - only involving adults

output: PF6,PF10

Example 3:
input: Hi!
output: None

Now, classify the following message:
input: {message}

Figure 7: Prompt for message classification of protective factors.
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Prompt for message classification of risk factors

You are an annotation system. You must respond **only** with the relevant cat-
egory labels, exactly as specified.

Categories:

{risk_factors}

Instruction:

* Given the input message, output only the relevant category labels (e.g.,
"RE2","RF7"), nothing else.

¢ If no category applies, output exactly: None
* Do not add explanations, notes, greetings, or any extra words
* One message may fit under multiple categories.
Example 1:
input: Good.. I saw on your questionnaire that you are not in a relationship,

and that you are not happy about that. Did I get that right?
output: RF2

Example 2:
input: Im not good at speaking with other people, due to my anxiety problems
@

output: RF2,RF7

Example 3:

input: Hi!

output: None

Now, classify the following message:
input: {message}

Figure 8: Prompt for message classification of risk factors.
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Abstract

This study investigates the use of cosine similarity measures across syntactic, lexical, and semantic vector
representations to detect repetitions in the spontaneous speech of autistic children. It focuses on direct repetitions
(i.e., immediate verbatim repetitions of linguistic output produced by another individual) and self-repetitions (i.e.,
within-speaker recurrence). The performance of similarity-based methods is then compared with state-of-the-art
black-box classification models based on BERT, trained on the same data. Using spontaneous speech data
from French- and Dutch- speaking autistic children, the results show that lexical and semantic similarity provide
reliable cues for identifying self-repetitions, achieving high precision and recall, with F1-scores exceeding 83%,
comparable to those obtained by BERT-based models. In contrast, direct repetitions are more difficult to detect
using similarity-based approaches, with BERT models clearly outperforming them and reaching F1-scores above
73%. Across all conditions, syntactic similarity consistently underperforms relative to lexical and semantic measures.
These findings highlight the strengths and limitations of similarity-based approaches and suggest directions for
future research, particularly in improving the detection of direct repetitions and assessing the cross-linguistic
generalizability of these methods.

Keywords: Autism, Direct Repetitions, Self-Repetitions, Echolalia, Cosine Similarity, BERT, Repetition De-
tection

1. Introduction conversation, such as songs). However, the defi-
nitions of these categories and their inclusion un-
der the phenomenon of echolalia differ between
authors. Similarly, self-repetitions have been con-

including differences in social communication and sidered (McFayden et al., 2022), or explicitly ex-

repetitive behavior patterns (American Psychiatric ~ cluded (van Santen et al., 2013), as instances of
Association, 2013; Schaeffer et al., 2023). echolalia, or rather as a related non-generative
’ ’ ’ phenomenon, broadly defined as the reuse of pre-

viously produced or perceived linguistic material
(Luyster et al., 2022). Some definitions exclude all
repetitions that display communicative intent (e.g.,
questions for clarification) or that do not mimic the
prosody of the source (Amiriparian et al., 2018;
Marom et al., 2018), while others accept formal
and functional variation (Pascual et al., 2017; Xie
et al., 2023). This lack of consensus complicates
systematic analyses, particularly in large language
corpora, as definitions often rely on detailed prag-

Autism is a neurodevelopmental condition charac-
terized by a wide range of developmental features,

Echolalia, the repetition of previously heard
speech, is often regarded as a core feature of
autism due to its prevalence in the language of
autistic individuals, with variation depending on
language proficiency (Maes et al., 2024). How-
ever, definitions of the phenomenon vary widely,
and the distinction between echolalia and repeti-
tions observed in neurotypical language develop-
ment is not clearly delineated. Traditionally, cat-
egories of echolalia differ both in their formal re-

semblance to the source segment (pure vs. miti-  matic and conversational analyses to determine

gated echolalia) and in their timing relative to the  \hether a linguistic segment qualifies as echolalia
source (direct vs. delayed echolalia, where the (Ryan et al., 2024).

latter may also include sources from outside the
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In this context, some researchers have at-
tempted to develop methods to automatically ex-
tract segments of echolalic speech. Some ap-
proaches rely on acoustic analysis to examine
spectral similarities between sentences (Amiri-
parian et al., 2018), while others focus on
transcription-based analyses to identify repetitions
(Bigi et al., 2014; van Santen et al., 2013). From
this perspective, Fusaroli et al. (2023) have made
significant contributions by reframing the study of
echolalia through the lens of alignment theory.
Their methodology involves computing alignment
rates across linguistic representations of different
types (syntactic, lexical, and semantic) between
autistic children and their caregivers to quantify the
degree of recycling language material. This ap-
proach offers valuable insights into the interactive
dynamics of language in autism. Building on this
foundation, our study adapts and extends Fusaroli
et al. (2023)’s approach with a novel aim: instead
of computing a global alignment or repetition rate,
we seek to detect recurring linguistic units by com-
paring pairs of segments, contrasting those clas-
sified as repetitive with those classified as non-
repetitive. By establishing thresholds for syntactic,
lexical, and semantic similarity on an extensively
annotated gold standard dataset, we enable an ef-
ficient and scalable approach for detecting repet-
itive speech. This approach facilitates a detailed
analysis of echolalia, providing insights into its lin-
guistic features, length, and communicative func-
tions. Furthermore, the success of each similarity
computation in detecting repetitive pairs informs us
of the linguistic information (syntactic, lexical, and
semantic) that leads listeners to perceive same-
ness in a source-echolalic pair. In a next step, we
compare the results of these linguistically informed
methods with those of state-of-the-art pretrained
BERT models (Devlin et al., 2019), fine-tuned on
our classification task.

2. Methods

The data used for the development of the models
presented in this study were drawn from the Bel-
gian Language in Autism Study (BeLAS). The sam-
ple comprises naturalistic speech recordings from
14 French- and 15 Dutch-speaking children aged
between 2 and 6 years (mean = 55.81 months,
SD = 10.66 months; 19 males, 10 females). All
children had a formal autism diagnosis and were
administered the Autism Diagnostic Observation
Schedule - Second Edition (ADOS-2; Lord et al.,
2012). Children were additionally assessed us-
ing standardized instruments to evaluate expres-
sive and receptive language development quo-
tients (Bayley Scales of Infant and Toddler Devel-
opment, Clinical Evaluation of Language Funda-

mentals - Preschool, Evalo, Peabody Picture Vo-
cabulary Test; Bayley, 2006; Semel et al., 2020;
Ortho Edition, 2009; Schlichting, 2005; Dunn and
Dunn, 2019) as well as non-verbal cognitive skills
(Snijders-Oomen Non-verbal Intelligence Test; Tel-
legen and Laros, 2017). As shown in Table 1, no
statistically significant differences were observed
between French- and Dutch-speaking children on
any of the reported measures, indicating that the
two language groups were well matched. Impor-
tantly, however, participants exhibited substantial
variability in both linguistic and non-verbal cog-
nitive skills, allowing the sample to represent a
broad range of developmental profiles within the
autism spectrum. Speech recordings were col-
lected over approximately six hours in the chil-
dren’s homes using a small lapel recorder placed
in the pocket of a project-designed T-shirt. Then,
the hour with the highest amount of each child’s
speech was selected using a pre-trained diariza-
tion model (Lavechin et al., 2021). Finally, we or-
thographically transcribed at least 20 minutes of
child speech, with duration adjusted according to
individual language output.

2.1. Gold Standard Annotation

To establish a gold standard annotation for the
repetition detection task, we manually coded di-
rect and self-repetitions in a total of 760 minutes
of audio recordings. Each participant contributed
at least 20 minutes of audio, with some provid-
ing up to 60 minutes depending on the amount
of language produced. Of the total, 360 minutes
were annotated for 14 French-speaking children
and 400 minutes for 15 Dutch-speaking children.
Coding was performed using Praat (Boersma and
Weenink, 2025).

Direct repetitions were defined as linguistic units
occurring within a maximum of 10 seconds of the
source clause, sharing at least one content word
irrespective of morphological changes. In exam-
ple 1, produced by a Dutch-speaking child in our
corpus, tickle is shared between the utterance of
another speaker and the autistic child, appearing
in two different morphological forms: the firstin the
third person singular and the second in the first per-
son singular of the present tense.

(1) Other Speaker: Kietelt dat?
‘Does that tickle?’
Autistic Child: Kietel
‘Tickle’

Self-repetitions were defined as exact reitera-
tions of segments from the child’s own language
productions. Among the three examples reported
below, all produced by the same autistic child in
our French-speaking sample, examples 2a and 2b
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Measure French (n = 14) Dutch (n = 15) t-value (df)
Age (months) 57.67 (8.45; 42.41-71.06)  55.81 (10.66; 40.01-71.12)  -0.52 (26.34)
ADOS CSS 6.14 (2.38; 2-10) 5.00 (1.60; 2-7) -1.51 (22.58)
Non-verbal I1Q 90.23 (20.82; 55-117) 92.67 (14.79; 57-115) 0.35 (21.30)
Expressive Language 77.27 (32.98; 26.80-117.53) 89.14 (19.53; 57.08-116.41)  0.88 (8.03)

Receptive Language  80.07 (27.11; 32.55-132.01) 89.19 (19.71; 56.68—-116.89) 0.95 (17.39)

Table 1: Descriptive statistics of participants by language group (French vs. Dutch), including mean,
standard deviation, and range. Independent-samples t-tests indicate no significant group differences

are considered self-repetitions, but 2a and 2c are
not, since not all the material of 2a is repeated.

(2) a. Autistic Child: c’est une voiture de police
‘It's a police car’
b. Autistic Child: c’est une voiture de police
‘It's a police car’
c. Autistic Child: c’est la police

‘It's the police’

For more information about the coding proto-
col for the gold standard, see this OSF repository.
To assess the reliability of manual coding, 10%
of all transcribed audio files were double-coded.
Coders demonstrated very high agreement: for di-
rect repetitions, agreement was 95.5% (Cohen’s
Kappa = 0.84), whereas for self-repetitions, agree-
ment reached 99.4% (Kappa = 0.82), reflecting al-
most perfect consistency between coders.

2.2. Model Development for Repetition
Detection

Since the recordings were obtained without explicit
instructions or control over background noise, we
opted against an audio-based approach for repe-
tition detection. Instead, we developed a model
based on orthographic transcriptions of speech
produced by autistic children and other speak-
ers, building on the methodology of Fusaroli et al.
(2023) with adaptations for multiple languages and
interlocutors. This framework was applied to both
direct and self-repetitions.

A linguistic unit is any child’s language produc-
tion, regardless of syntactic complexity, ranging
from single words to complete sentences. Non-
linguistic vocalizations, such as babbling, were ex-
cluded. This inclusive definition allows representa-
tion of the full range of linguistic output, including
children with limited verbal skills.

Following Fusaroli et al. (2023), each unit was
represented using syntactic, lexical, and semantic
vectors. Syntactic vectors encode sequences of
Part-Of-Speech (POS) tags (e.g., nouns, verbs),
lexical vectors encode sequences of lemmas (e.g.,

child for children; write for wrote), and seman-
tic vectors provide a holistic representation of the
unit's meaning. Together, these vectors capture
the main linguistic information available from tran-
scribed speech.

Cosine similarity was computed for each unit: di-
rect repetitions with other speakers’ units within
10 seconds, self-repetitions with the child’s ear-
lier productions. These pairs, together with gold-
standard annotations, were then used to fine-tune
French- and Dutch-language BERT models for rep-
etition detection.

2.3. Cosine Similarity Models: Vector
representation, Similarity Measures,
and Performance Evaluation

For syntactic vectors, we used spaCy models fr
core news sm for French and (n/ core news sm for
Dutch; Honnibal and Montani, 2017) to determine
POS tags, grouped into n-grams with n=2, as per
Fusaroli and colleagues’ (2023) findings. Due to
the large number of short linguistic segments (< 4
words), we opted against using larger n-grams. If
a linguistic unit contained fewer tokens than the
selected n=2, the entire one-word segment was
treated as a single n-gram.

Similarly, we used spaCy’s module Lemmatizer
to create a list of unique lemmas. Then, for each
file, we constructed a combined list containing all
the unique lemmas and POS n-gram sequences.
All linguistic units were then represented as sin-
gle vectors, where each value indicated the num-
ber of times (0, 1, 2, etc.) each lemma or POS
n-gram from the list appeared in the linguistic
segment. This ensured uniform vector structure
across speakers, facilitating meaningful compar-
isons regardless of the linguistic segment’s length.
Function words were included, as their propor-
tional presence across the considered segments
affected similarity measures minimally.

For semantic vectors, we employed BERT
SentenceTransformers models trained on French
(CamemBERT large, Martin et al.2020) and Dutch
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(RobBERT, Delobelle et al. 2020). These mod-
els generated fixed-length embedding of 1024 di-
mensions for French and 768 for Dutch, aligning
with the one-dimensional format supported by the
Python SentenceTransformers library (Reimers
and Gurevych 2019, 2020). Each dimension corre-
sponds to a numerical feature encoding some as-
pect of textual meaning; the full set of dimensions
jointly represents the text.

After constructing vector representations, co-
sine similarity scores were calculated using the
Sentence Transformers cos sim function to com-
pare pairs of linguistic segments. The autistic
child’s linguistic productions were compared to (i)
those of other speakers that occurred at most 10
seconds earlier and (ii) all those they had previ-
ously produced (self-repetition).

Next, we aimed to determine which cosine sim-
ilarity thresholds yielded the best results in distin-
guishing non-repetitive from repetitive production
pairs. A range of 100 thresholds between -1 and 1
(corresponding to the cosine similarity function val-
ues) with a step size of 0.02 was tested for each
measure, and the resulting precision and recall val-
ues were evaluated. Our goal was to maximize
recall (i.e., the proportion of repetitions correctly
detected) while maintaining precision (i.e., the pro-
portion of predicted repetitive cases that were actu-
ally repetitive) at an acceptable level (Table 2). Fi-
nally, we evaluated the performance (precision, re-
call, F1-score) of the selected thresholds for each
measure.

2.4. BERT Models: Train-Test Split, and
Performance Evaluation

In this study, we further compared the perfor-
mance of our repetition-detection approach with
state-of-the-art BERT models. To this end, we
fine-tuned BERT models for sequence classifica-
tion, using the same base models as the Sen-
tenceTransformer models employed for construct-
ing semantic vectors (CamemBERT large, Mar-
tin et al.2020 for French and RobBERT, Delobelle
et al. 2020 for Dutch). Fine-tuning and evalua-
tion involved creating training and test sets, with a
speaker-based split so that the models were evalu-
ated on speech from children not encountered dur-
ing training. For a direct comparison with BERT,
the cosine similarity models were evaluated on
BERT’s test set here, rather than on the entire
dataset as previously.

We isolated 4 French and 4 Dutch speakers
(out of the total of 29) in the test set, based
on a 4-means clustering of their characteristics
(age, expressive and receptive language develop-
ment quotients) and the number of direct and self-
repetitions that they produced. This ensured that

similar language profiles of speakers were found in
the train and test sets, and that the repetitive phe-
nomena of interest occurred in a similar frequency
in both.

The French and Dutch BERT models were then
trained on the gold-standard annotations of the
remaining 21 speakers for both direct and self-
repetitions. Training was conducted using 10-fold
cross-validation, with adjustments for unbalanced
class weights (the repetitive class being under-
represented), and parameter evaluation based on
the F1-score, with ‘repetitive’ as the positive class.
Both BERT models were evaluated on the test set
using precision, recall, and F1-score.

2.5. Materials

All code for computing similarity metrics, deter-
mining best similarity thresholds, making the train-
test split, training the BERT models, evaluating
the models, and creating visualizations is available
in this OSF repository. The repository also con-
tains details on the characteristics of the train and
test sets and the parameters used for training the
BERT models.

Moreover, this GitHub contains the finished mod-
els as well as Python code that allows users to try
the models on their own data.

Data visualization was conducted using the
Python libraries Seaborn (Waskom 2021) and Mat-
plotlib (Hunter 2007). Generative Al tools were
used to debug Python code (OpenAl 2025).

3. Results

This section presents the results for both direct
and self-repetitions, comparing cosine similarities
of syntactic, lexical, and semantic vectors across
the French and Dutch datasets.

An additional analysis was conducted to com-
pare these models with BERT-based models.

3.1. Performance of the Cosine
Similarity Models

Figure 1 illustrates the overall performance of
models based on syntactic, lexical, and semantic
cosine similarities in distinguishing non-repetitive
pairs from direct or self-repetitions. Receiver Op-
erator Curves (ROC) in full lines plot the true pos-
itive against the false positive rate for the thresh-
olds detecting direct repetitions. By contrast,
dashed lines do so for the thresholds identifying
self-repetitions. Overall, the Area Under the Curve
(AUC) scores are quite satisfactory for all linguis-
tic measures (above 73%), in both languages and
phenomena. However, the ROCs are higher for
self-repetitions than for direct repetitions across
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the three measures. Secondly, AUC-scores are
markedly lower for thresholds on syntactic simi-
larity (73.2% and 76.2% for French and Dutch di-
rect repetitions; 92.8% and 94.5% for Dutch and
French self-repetitions) than for those on lexical
and semantic similarity. Indeed, the latter scores
between 88.6% for direct repetition and 99.9% for
self-repetition. Lastly, performances of the thresh-
olds on Dutch data are generally slightly lower
than those of models on French data. In sum, the
best-performing models are those that detect self-
repetitions based on lexical and semantic similar-
ity, achieving AUC scores of more than 99.7% in
both languages.
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Figure 1: ROC curves and corresponding AUC val-
ues for syntactic (A), lexical (B), and semantic (C)
cosine similarity models, comparing French and
Dutch datasets across direct and self-repetition

types

In the following, we will illustrate the observed
differences in the distributions of the linguistic mea-
sures for repetitive vs. non-repetitive segment
pairs in both phenomena in the two languages.
Figure 2 shows the distribution for candidates for
direct repetition, and Figure 3 for self-repetition.
The thresholds that achieved the best precision-
recall combination are indicated as reference lines
on the box plots.
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Figure 2: Distributions of syntactic (A), lexical (B),
and semantic (C) cosine similarity measures for di-
rect repetition versus non-repetitive segment pairs
in the French and Dutch datasets

3.1.1. Performance of the Models Detecting

Direct Repetitions

According to Table 2, the best overall results for de-
tecting direct repetitions are achieved using thresh-
olds based on lexical and semantic cosine similar-
ity, yielding recall rates of 76.1% and 75.2% for
French and Dutch, respectively. However, the low
precision values suggest a high proportion of false
positives.

Furthermore, Figure 2 shows that the distribu-
tion of the similarity values does not show the ex-
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Phenomenon Model Language Threshold Precision Recall F1i-score
Direct repetition ~ Syntactic CosSim FR 0.23 41.2% 58.0% 48.2%
DU 0.21 39.1% 47.9% 43.0%
Lexical CosSim FR 0.29 59.3% 73.7%  65.7%
DU 0.23 60.3% 75.2%  66.9%
Semantic CosSim  FR 0.39 55.9% 76.1%  64.5%
DU 0.37 52.0% 68.6% 59.2%
Self-repetition Syntactic CosSim FR 0.90 61.5% 84.3% 71.1%
DU 0.88 46.5% 85.0%  60.1%
Lexical CosSim FR 0.88 87.9% 88.8%  88.3%
DU 0.92 86.5% 89.1%  87.8%
Semantic CosSim  FR 0.88 87.8% 89.0% 88.4%
DU 0.88 86.8% 87.8%  87.3%

Table 2: Evaluation of repetition detection across phenomena, models, and languages, reporting pre-
cision, recall, and F1-score, alongside the optimal Cosine Similarity thresholds. Results are computed

over the full dataset

pected pattern (i.e., non-repetitive pairs concen-
trated in the lower part and repetitive pairs in the
higher part of the plot). While non-repetitive pairs
are largely concentrated in the lower range of the
plots, a significant proportion of outliers appear in
the upper range, particularly for syntactic similar-
ity. Moreover, the distribution of repetitive pairs
exhibits considerable dispersion. Consequently, a
substantial number of repetitive pair values fall be-
low the thresholds and are thus not detected as
repetitive. Additionally, the threshold values for di-
rect repetitions are markedly lower than those for
self-repetitions, indicating a reduced degree of lin-
guistic overlap between segment pairs.

Lastly, cosine similarity distributions and se-
lected thresholds vary between languages, with
consistently lower values for Dutch than for French.
This difference is most pronounced in lexical sim-
ilarity, where the optimal threshold is 0.29 for
French and 0.23 for Dutch.

3.1.2. Performance of the Models Detecting
Self-Repetitions

The box-plots in Figure 3 illustrate the distribution
of similarity measures for self-repetitions versus
non-repetitive pairs. As expected, non-repetitive
pairs predominantly exhibit low similarity values,
whereas repetitive pairs show high values. The
thresholds for all measures consistently exceed
0.8, effectively dividing the plots into two distinct
areas with relatively few outliers on either side.
Moreover, these thresholds remain highly similar
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across both languages. These observations sug-
gest that self-repetitions are characterized by sub-
stantial overlap across all linguistic levels (syntac-
tic, lexical, and semantic).

Nevertheless, differences in distribution are ev-
ident across measures. Syntactic similarity plots
display greater dispersion in similarity scores, with
notably more repetitive outliers in the lower range
(0.0-0.6 cosine similarity) and more non-repetitive
outliers above the threshold (0.88 or 0.90) com-
pared to lexical and semantic measures. Conse-
quently, the syntactic similarity threshold results
in overall lower precision values, particularly for
the Dutch data (French: 61.5%, Dutch: 46.5%) in
contrast to precision scores between 86.5% and
87.9% for other measures (Table 2). Additionally,
cosine similarity scores for non-repetitive segment
pairs are generally more concentrated in the lower
range (0 - 0.2) for Dutch than for French, except
for semantic cosine similarity scores.

Recall scores are high for all thresholds, particu-
larly for lexical and semantic similarity, ranging be-
tween 84.3% and 89.1%, with the highest values
in lexical and semantic cosine similarities. These
results indicate that high lexical and semantic simi-
larity serve as robust cues for distinguishing self-
repetitions from non-repetitive segment pairs by
the same speaker.
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Figure 3: Distributions of syntactic (A), lexical (B),
and semantic (C) cosine similarity measures for
self-repetition versus non-repetitive segment pairs
in the French and Dutch datasets

3.2. Comparison of the Performance of
Cosine Similarity and BERT Models
on Test Set

While the previous sections reported the results
of cosine similarity models applied to the entire
dataset, here we compare their performance with
BERT models on BERT’s test set (8 of 29 speak-
ers).

Overall, BERT models achieve the highest F1-
scores for direct repetition in both languages (Ta-
ble 3), with the French model reaching 81.5% and
the Dutch one 73.2% In contrast, for self-repetition
(Table 4), lexical and semantic cosine similarity
models perform comparably or slightly better than
BERT in French, while BERT achieves the high-
est scores in Dutch (F1-score = 94.0%). Across
both phenomena, syntactic cosine similarity mod-
els consistently show lower performance. These
results suggest that BERT models are particularly
effective for detecting direct repetition, whereas
lexical and semantic similarity provide competi-

Model Lang Prec. Rec. F1
Syntactic CosSim FR 45.2% 54.6% 49.4%
DU  39.6% 40.4% 40.0%
Lexical CosSim FR 64.7% 71.6% 68.0%
DU 64.0% 73.7% 68.5%
Semantic CosSim FR 64.6% 75.0% 69.4%
DU 49.6% 68.7% 57.6%
BERT FR 78.6% 84.6% 81.5%
DU 66.1% 82.1% 73.2%

Table 3: Performance of models on direct repeti-
tion detection across languages, reporting preci-
sion, recall, and F1-score

Model Lang Prec. Rec. F1
Syntactic CosSim FR 48.9% 75.2% 59.3%
DU 46.4% 75.2% 57.4%
Lexical CosSim FR 81.6% 88.3% 84.8%
DU 84.9% 86.5% 85.7%
Semantic CosSim FR 85.7% 80.8% 83.2%
DU 85.7% 80.8% 83.2%
BERT FR 78.0% 80.7% 79.3%
DU 92.8% 95.2% 94.0%

Table 4: Performance of models on self-repetition
detection across languages, reporting precision,
recall, and F1-score

tive performance for self-repetition, especially in
French.

4. Discussion

Extending the approach proposed by Fusaroli et al.
2023, this study computed cosine similarity across
syntactic, lexical, and semantic representations
to detect repetition patterns in autistic children’s
speech. Overall, the approach proved effective,
particularly for self-repetitions.

In the case of direct repetitions, models detected
a substantial portion of repetitions (recall around
75% or higher) using lexical and semantic simi-
larity measures; however, precision remained lim-
ited due to numerous false positives. These find-
ings suggest that predictions for direct repetitions
should be interpreted with caution. The limitation
likely arises from the annotation protocol, which
labels segments as direct repetitions even when
they share only a single content word (e.g., Adult:
“Do you want a banana?” Autistic Child: “| like ba-
nanas”). Because such overlap represents only a
small portion of the overall vector representation
(especially in longer segments), vector-based sim-
ilarity measures may not adequately capture these
cases. In contrast, BERT models achieved more
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balanced performance, with precision above 65%
and recall above 80%, suggesting that contextual-
ized representations are better suited for detecting
direct repetitions.

Differently, in detecting self-repetitions, lexical
and semantic similarity-based models performed
consistently well across languages and remained
competitive with BERT models. However, BERT
models showed notable variability, with an F1-
score of 94.0% for Dutch compared to 79.3%
for French. This discrepancy likely reflects differ-
ences in generalization from training to test data
rather than data size alone, as both models were
trained on substantial datasets. The detection of
self-repetitions requires capturing deeper linguis-
tic relationships (e.g., dependency structures; cf.,
annotation protocol), which may not have been
equally well learned by the models across lan-
guages.

Across all analyses, lexical and semantic similar-
ity emerged as the most reliable indicators of repe-
tition, yielding high precision and recall scores. In
contrast, syntactic similarity consistently showed
lower performance, suggesting that syntactic struc-
ture in spontaneous speech is highly variable and
difficult to capture with surface-level representa-
tions. More advanced syntactic modeling may
therefore be required to improve performance.

This study highlights the potential of similarity-
based approaches for analyzing spontaneous
speech in naturalistic contexts. Future work should
extend this framework to a broader range of lan-
guages and age groups to explore how repetition
patterns vary across different linguistic and devel-
opmental contexts. A more systematic investiga-
tion of cross-linguistic differences (both linguistic
and methodological) could further clarify perfor-
mance variation.

For instance, similarity distributions and thresh-
olds differed between French and Dutch, with
higher values observed for French in direct repe-
titions, whereas self-repetition results were largely
comparable. This pattern may reflect differences
in interaction styles or overall verbal output, but
could also be influenced by language-specific
properties or limitations of the NLP tools used. In-
deed, French- and Dutch-based spaCy and Sen-
tenceBERT models are trained on relatively limited
datasets compared to English resources and are
optimized for written language, which may reduce
their effectiveness on spontaneous child speech.
Future research should therefore compare alter-
native models and embeddings, including those
trained on spoken or child-directed data.

While our study demonstrates the effectiveness
of cosine similarity-based models for detecting
self-repetitions, the challenges in detecting direct
repetitions highlight the need for refined methods.

For instance, lemma-based rule systems or adap-
tive thresholding techniques could improve detec-
tion of direct repetitions. The observed differ-
ences between French and Dutch further suggest
that both linguistic structure and NLP model lim-
itations influence performance, underscoring the
need for additional cross-linguistic exploration. Fu-
ture research should also evaluate multilingual or
fine-tuned models to enhance repetition detection
across languages and spontaneous speech con-
texts.

We encourage interested researchers to test our
models on their conversational data while consid-
ering the potential limitations. To facilitate this, the
models presented in this paper are publicly avail-
able at this GitHub repository. In the similarity-
based models, users can select linguistic levels for
comparison (syntactic, lexical, and semantic) and
adjust cosine similarity thresholds. They are not
restricted to the thresholds presented in this paper
but may experiment with values within an accept-
able range. Users can also test the trained BERT
models on their own (French or Dutch language)
data.

Finally, a key limitation of this study is the ab-
sence of a widely accepted definition of echolalia
that allows for fully automated detection. Our an-
notation protocol attempts to address this issue
using simplified linguistic criteria (e.g., comparing
lemmas, POS tags, and dependency structures
between linguistic units). However, this simplifi-
cation introduces constraints. For example, eval-
uating similarity at the segment level may obscure
word-level repetition patterns, and some detected
cases may not align with traditional definitions
of echolalia. Accordingly, the proposed models
should be understood as an initial filtering step
rather than a definitive classification tool. Estab-
lishing clearer and more consistent definitions of
echolalia will be essential for improving future de-
tection methods.

5. Ethics Statement

| testify on behalf of all co-authors that the present
article was submitted following ethical principles in
publishing. All authors declare no conflict of inter-
est and agree that this research presents an ac-
curate account of the work performed. All data
presented are accurate, and methodologies are
detailed enough to permit others to replicate the
study. We share all code used to produce the
work, including gold standard annotation protocol,
inter-rater agreement calculation, model develop-
ment and evaluation, and creation of the tables
and graphs in the paper. In our code reposito-
ries, we provide instructions to interested users
on how to apply our code to their own datasets.
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However, raw and sensitive data such as speech
transcriptions and speaker identifiers cannot be
shared to protect the privacy and security of the
participants. Ethical approval was obtained from
the Ethics Committee of Erasme Hospital on 28
March 2023 (CCB B4062023000074). Written in-
formed parental consent and minor assent were
obtained from all participants prior to enroliment in
the BeLAS study.

6. Limitations

This study has several limitations that should be
acknowledged to contextualize its findings and in-
form future research.

First, a significant limitation lies in the lack of a
universally accepted definition of echolalia. To fa-
cilitate detection, we employed simplified linguistic
criteria designed for potential automation. While
effective in some cases, this approach led to the
identification of certain segments that do not qual-
ify as true echolalic instances (e.g., single-word
vocatives, such as names or calls, repeated dur-
ing the recording). Conversely, it also failed to
capture echolalic phrases that did not align with
the adopted definition, such as repetitions involv-
ing the same word used in different syntactic struc-
tures. The trade-off between simplicity and com-
prehensiveness highlights the need for more pre-
cise definitions of echolalia. Establishing clearer
criteria would improve the reliability and validity
of automated detection methods, ensuring better
alignment with the nuanced patterns of echolalic
speech.

Second, technical challenges associated with
pre-trained NLP models must be addressed. The
tools used in this study, including BERT, BERT-
SentenceTransformers, and spaCy, exhibited vari-
able performance across the two analyzed lan-
guages. These models are typically optimized for
formal written text and are not designed to account
for the unique characteristics of spontaneous chil-
dren’s speech. As such, they may struggle to pro-
cess features such as informal grammar, incom-
plete sentences, or age-specific vocabulary. Fur-
ther fine-tuning NLP models specifically for spon-
taneous speech data could significantly enhance
the accuracy and reliability of repetition detection
in this domain. Moreover, the quality of these
models varies by language, with NLP algorithms
for French and Dutch generally being less robust
than their English counterparts due to more limited
training data. Future research could benefit from
employing more advanced or domain-specific NLP
models to mitigate these limitations.

Third, the transcription protocol used in this
study introduces additional constraints. Specifi-
cally, a new linguistic unit was defined when there

was a pause of one second or longer in the child’s
speech. While necessary for standardization, this
approach may have inadvertently excluded pairs
of self-repetitions with different syntactic structures
simply because they were followed by another lin-
guistic unit. This limitation underscores the need
for more flexible transcription criteria that account
for the temporal dynamics of naturalistic speech or
for a more precise definition of the phrase unit to
be considered during comparisons.

Fourth, our analysis revealed potential
language-specific variability in repetition patterns
and model performance. For instance, thresholds
for detecting direct repetitions were consistently
higher in French than in Dutch. This variability
raises questions about the generalizability of
the established thresholds to other languages.
Additionally, the lack of validation on independent
datasets limits the broader applicability of our
models, particularly for detecting direct repetitions.
Future studies should test these models across
diverse linguistic contexts to refine their utility and
generalizability.

Fifth, limitations in the syntactic representations
used in this study must also be noted. For syntac-
tic vectors, spaCy was used to extract POS tags,
which were grouped into n-grams (n=2). While this
approach facilitated uniform vector structures, it in-
troduced potential biases when the linguistic seg-
ment contained fewer tokens than the selected n,
resulting in less informative representations. Addi-
tionally, the inclusion of function words may have
had minimal influence on similarity measures. Fur-
ther exploration of alternative vectorization strate-
gies, such as experimenting with different values
of n, is warranted to address these concerns.

Sixth, we explored fine-tuning BERT models for
repetition detection using our gold standard an-
notated data. While this yielded promising re-
sults for direct repetition, performance for self-
repetitions was less reliable, and precision dif-
fered significantly between languages. Future re-
search should investigate these differences, using
larger training sets and alternative (e.g., multilin-
gual) classification models.

Despite these limitations, the methodology and
findings presented in this study provide a valu-
able foundation for advancing the automated de-
tection of direct and self-repetitions. Future re-
search should aim to refine these methods and
extend their application to a wider range of lan-
guages, age groups, and conversational contexts.
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