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Abstract

This exploratory pilot study investigates the use of large language
models (LLMs) for automated analysis of psychiatric interviews.
Using transcripts from the Structured Interview of Personality Or-
ganization (STIPO-R), we tested GPT-40 across three paradigms:
direct application of clinical scoring guidelines, emulation of a val-
idated psychometric scale, and exploratory construct elicitation.
LLM-derived scores strongly correlated with clinician ratings
and captured clinically relevant constructs. Findings highlight
opportunities for scalable, theory-driven assessment of patient
language, but also underscore challenges including interpretabil-
ity, reproducibility and data privacy.
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1 Introduction

In psychiatry, clinicians are often required to make complex
diagnostic judgments without definitive biological markers. In-
stead, assessments rely on observable behavior, subjective self-
report, and, crucially, on language [1]. Patient language provides a
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uniquely rich source of information: it reflects patterns of thought,
emotional states, and interpersonal dynamics, all of which are
central to understanding mental functioning [2]. An abundance of
naturalistic speech emerges from clinical interviews and therapy
sessions, underscoring the need for systematic methods that can
both detect subtle psychological cues and handle large volumes
efficiently.

Automated methods for language analysis have evolved from
early dictionary-based tools such as the Linguistic Enquiry and
Word Count (LIWC), which provided interpretable but context-
insensitive results [3], to embedding-based models like Word2Vec
[4], BERT [5], and RoBERTa [6], which offered greater contextual
sensitivity at the cost of interpretability and technical complexity.
More recently, large language models (LLMs) such as GPT [7]
have emerged as flexible, prompt-driven analyzers.

Researchers have argued that GPT may be a superior tool
for automated text analysis, achieving high accuracy on vari-
ous tasks across languages without training data and with mini-
mal coding demands [8, 9]. Yet others caution that risks of bias,
reproducibility, opacity, and overreliance remain. In some con-
texts, established, validated models still outperform LLMs, and
researchers must weigh not only how LLMs can be applied, but
whether their use is beneficial given the risks [10].

Analyses of patient language have identified linguistic mark-
ers associated with various psychiatric conditions [11, 12, 13, 1,
14]. A 2020 review by Zhang et al. [15] highlighted the grow-
ing use of natural language processing (NLP) for mental illness
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detection, noting that social media texts remain the most com-
mon data source. In contrast, relatively few studies have ex-
amined transcripts of patient speech [16, 17]. This gap likely
reflects the scarcity of suitable datasets, as such data is usually
not recorded, and when it is, audio recordings and transcripts
often contain sensitive personal information and therefore can-
not be publicly shared. Moreover, speech data typically require
supporting ground-truth measures (e.g., validated questionnaires
or clinical assessments) to be useful for research.

Recent advances in automatic transcription, together with
the emergence of LLMs, have opened new directions for sys-
tematic analysis of patient-generated language. Unlike earlier
approaches, LLMs combine ease of use with a seemingly unprece-
dented sensitivity to linguistic context. In this work, we examine
the opportunities and challenges they present through a pilot
analysis of transcripts of the Structured Interview of Personality
Organization (STIPO-R), a validated psychoanalytic diagnostic
instrument.

2 Methods

2.1 Dataset

We analyzed a subset of data collected by Laczkovics et al. (2025)
during the validation of the German STIPO-R for adolescents
[18, 19]. The STIPO interview assesses multiple domains of per-
sonality functioning. For this study, we focused on the identity
domain, which consists of 13 open-ended questions addressing
areas such as self-perception, perception of others and engage-
ment in school and recreation. These questions typically elicit
rich narrative responses that are well-suited for language analy-
sis. Responses were evaluated by trained clinicians on 15 items,
each rated on a three-point scale (0 = no pathology, 1 = moderate
pathology, 2 = severe pathology), producing a total identity diffu-
sion score ranging from 0 to 30. This clinician-rated score served
as the ground truth for evaluating LLM performance. From the
original study sample of 171 participants [18], 70 provided data
of sufficient quality for the present analyses: 49 patients with a
probable or definite personality disorder (PD) diagnosis and 21
controls without PD. From this set, we derived a subsample of
25 participants (16 patients and 9 controls), aged 14-19 years,
using a stratified selection procedure to ensure even coverage of
the full spectrum of identity pathology, from consolidated (low
diffusion scores) to highly diffused identity.

2.2 LLM Setup

We used GPT-4o0 [20], accessed via a secure Python API con-
nection under GDPR-compliant data protection. Interview tran-
scripts were in German, while prompts were written in English.
Prior work suggests that English prompts improve model per-
formance even when applied to other languages [21, 9]. The
model temperature was set to 0, producing consistent outputs
for identical prompts.

2.3 Experimental Paradigms

We tested three experimental paradigms that elicited numeric rat-
ings from the LLM, alongside a lexicon-based sentiment analysis
baseline for comparison.

First, in a Direct STIPO Scoring approach, the official STIPO-
R rating guidelines were copied verbatim into prompts, and the
model was asked to assign 0-2 scores to individual items, paral-
leling the procedure used by clinicians in our dataset. Item-level
and total scores were compared with clinician ratings.
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Second, in a Scale Emulation paradigm, we tested whether
the LLM could approximate a validated psychometric measure
by inferring likely responses to scale items from interview tran-
scripts rather than direct self-report. Specifically, we used the
Self-Concept Clarity Scale (SCCS) [22], a 12-item self-report in-
strument. Each item was presented to the model together with the
identity section of the transcript, and the model was instructed to
assign a 1-5 Likert score. Item scores were summed to yield a to-
tal SCCS score, which we compared with clinician-rated identity
diffusion. Conceptually, and as supported by empirical work, Otto
Kernberg’s notion of identity diffusion assessed in the STIPO is
closely related to Campbell’s construct of self-concept clarity [23,
24].

Third, we applied an exploratory Construct Rating approach,
in which we developed rubrics for (a) overall valence (positivity
vs. negativity of the response), (b) self-perception (positive vs.
negative evaluation of the self), and (c) other-perception (positive
vs. negative evaluation of others, including individuals, groups,
relationships, or people in general). The construct definitions and
prompts were drafted with assistance from ChatGPT-5. Ratings
were given on a 1-7 scale, with an NA option if the construct
was not referenced. Interviews were split into individual ques-
tion—answer pairs (24-83 per subject), which served as the unit
of analysis. The model was prompted separately for each unit and
construct, and subject-level scores were calculated as the mean
across units. We compared these mean construct ratings with
clinician-rated identity diffusion, hypothesizing that more severe
identity diffusion would be associated with more negative lan-
guage (overall, in descriptions of the self, and in descriptions of
others). To evaluate interpretability and reliability, we re-ran anal-
yses where the score was extreme (1 or 7) and asked the model to
provide both a score and a brief justification. As an exploratory
validity check, a cognitive science master’s student (author of
this study) reviewed randomly selected transcript excerpts to-
gether with LLM ratings and reasonings, assessing whether the
assigned scores were plausible and consistent with the intended
construct. Additionally, we tested robustness by repeating the
analyses with an alternative 0-5 scale.

As a simple and interpretable Sentiment Analysis baseline,
we used GerVADER [25], a German sentiment lexicon in which
each word is assigned a valence score (-4 = very negative, 0 =
neutral, +4 = very positive) based on human ratings of perceived
positivity or negativity. This choice was motivated by Colibazzi
et al. [26], who applied the VADER lexicon [27] to STIPO tran-
scripts. For each question—-answer unit, we extracted the patient’s
response, identified words present in the lexicon, retrieved their
valence scores, and calculated three metrics: (a) overall sentiment
(mean of all scores), (b) negative sentiment (mean of negative
scores only), and (c) positive sentiment (mean of positive scores
only). These answer-level values were then averaged across all
answers to obtain per-subject scores, which were compared with
both the LLM-derived ratings of overall valence and clinician
ratings of identity diffusion.

All comparisons were tested with Pearson correlations (p-
values corrected for multiple comparisons; a = 0.05).

3 Results

Direct STIPO Scoring. Summed scores produced by GPT-40
strongly correlated with clinician ratings (r = 0.90), as illustrated
in Figure 1. Item-level agreement was exact in 66% of cases.
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Figure 1: Correlation between clinician-rated and LLM-
rated STIPO identity scores.

Scale Emulation. SCCS scores derived from LLM outputs
correlated negatively with clinician-rated identity diffusion (r =
-0.82; Figure 2). This finding is in line with the conceptual link
between identity coherence and self-concept clarity.
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Figure 2: Correlation between clinician-rated STIPO iden-
tity scores and LLM-rated Self-Concept Clarity.

Exploratory Construct Ratings. Average overall valence
correlated negatively with identity pathology (r = -0.82; Figure
3), suggesting that more severely affected adolescents used more
negative language overall.

Construct Rating

[0]
[S] ()
5 4.50 Pearson r: -0.82, p: 6.83e-07
o Q )
Z 425~
© o 0% - _
0 4.00 e 0 . 4
o~

O ®-. @ © @
- 3.75 e — I @
2 ®© 0o %I
& 350 Op® > @
= o ®
=325

0 5 10 15 20 25 30

Clinician Rated Identity Score

Figure 3: Correlation between clinician-rated STIPO iden-
tity scores and LLM-rated overall valence of answers.

Self- and other-perception ratings were also associated with
clinician scores (r = —0.81 and —0.57). Manual checks indicated
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that the model generally distinguished references to the self
from references to others. When re-run with prompts requesting
both a rating and a brief justification, this distinction improved:
all cases lacking a relevant reference were correctly scored as
NA. However, providing reasoning noticeably shifted the rating:
extreme values were often moderated toward the midrange.

Changing the rating scale from 1-7 to 0-5 did not materially
affect the results (r = 0.98). In all cases, the model produced valid
outputs in the requested format.

Lexicon-Based Sentiment Analysis. Sentiment analysis
with GerVADER revealed a significant correlation between clini-
cian ratings and mean negative sentiment (r = -0.47), but not with
mean overall or mean positive sentiment. This correlation was
weaker than that between clinician ratings and LLM-derived over-
all valence, highlighting the limitations of context-insensitive,
bag-of-words methods. Manual inspection confirmed that GPT-40
often inferred negativity from conversational context rather than
from explicitly negative words. Mean negative sentiment was
also significantly correlated with LLM-derived overall valence (r
= 0.68).

4 Discussion

This exploratory study shows that LLMs can approximate ex-
pert ratings of psychiatric interviews and apply psychometric
constructs to clinical transcripts, while also highlighting barriers
that preclude immediate clinical use. In the following, we outline
opportunities, risks, and challenges, and suggest pathways for
more rigorous validation.

4.1 Opportunities

LLMs perform reliably on structured clinical tasks. Using only
verbatim scoring guidelines, GPT-40 approximated expert scoring
of the STIPO, a task that typically requires extensive training.
While LLMs should not replace clinicians, they could provide
secondary checks in research settings or serve as teaching tools
to illustrate scoring rules, highlight ambiguities and improve
teaching materials.

Applying validated psychometric scales through LLMs an-
chors automated analyses in established theory. The strong cor-
relation between LLM-rated self-concept clarity and clinician-
rated identity diffusion supports the validity of this approach
and suggests that LLMs can extend the reach of standardized
assessments in scalable ways.

By contrast, defining new constructs ad hoc is more vulnera-
ble to misspecification and requires iterative prompt engineer-
ing. Nevertheless, this strategy may capture clinically relevant,
context-sensitive phenomena that remain inaccessible to conven-
tional language-processing methods, potentially opening path-
ways to subtle markers of pathology.

LLMs further offer efficiency in time and cost, scalability to
large datasets, cross-linguistic applicability, and the ability to
rapidly test new rating schemes or constructs.

4.2 Risks and Challenges

The study also underscores multiple risks.

Interpretability and the black-box problem. LLMs remain
opaque, and their internal decision processes are currently inac-
cessible. Some surface interpretability is possible; for instance,
researchers can manually compare scores with text samples, or
request rationales from the model. However, such rationales are
post hoc, primarily useful for illustrating reasoning, and cannot
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be assumed to reflect the actual mechanisms behind the model’s
ratings.

Reproducibility and test-retest reliability. A key concern
is reproducibility across time. Outputs vary not only due to
stochasticity but also across different versions of the same model.
Because earlier GPT versions are not preserved, analyses can-
not be rerun on identical models. Even with temperature fixed
at 0 in our study, small prompt variations, such as requesting
reasoning, produced measurable differences in outputs, a well-
documented phenomenon [28, 21]. Moreover, newer versions are
not always improvements: performance can regress on certain
tasks [9, 10]. Such variability poses significant challenges for
scientific applications, where reproducibility is essential.

Data privacy and ethics. Patient language data are highly
sensitive. While GDPR-compliant API contracts ensure encryp-
tion and prevent storage or retraining, the ethical stakes remain
high. An alternative is to deploy LLMs locally, which enhances
data security but requires substantial technical expertise and
computing resources. Beyond privacy, there are broader risks
of misuse: LLMs could be applied to surveillance or automatic
‘flagging’ of individuals, raising concerns about autonomy and
stigmatization. Awareness of such possibilities is essential to
anticipate and counter harmful applications, in line with interna-
tional guidelines for trustworthy AI [29].

Bias and fairness. Training data for LLMs may embed de-
mographic, cultural, or linguistic biases [10]. In psychiatry, this
is particularly dangerous, as dialectical or culturally specific ex-
pressions may be misclassified as pathological.

Overreliance and face validity. The fluency and confidence
of LLM outputs create risks of undue trust. Clinicians and re-
searchers may treat model scores as authoritative, even when
they are unreliable. In healthcare contexts, this raises ethical
concerns: automatically generated reports or diagnostic sugges-
tions may be accepted without scrutiny, especially if embedded
in clinical workflows.

Prompt engineering. Contrary to claims that LLMs like GPT
are easy-to-use, generalist tools that can handle a wide range
of text analysis tasks with little coding or training data [9, 8],
effective prompting remains challenging and requires significant
expertise [21, 28]. A comprehensive 2025 survey of prompting
strategies by Schulhoff et al. [21] concluded that robust prompts
must balance specificity and flexibility, be iteratively refined, and
validated against examples. Well-designed prompts can reduce
bias and instability, whereas underspecified prompts yield in-
consistent outputs and overly prescriptive prompts risk forcing
artificial ratings. Systematic, theory-driven prompt development
aligned with established constructs is therefore essential.

4.3 Pathways for Validation

As the field is still developing, applications of LLMs for language
analysis should be guided by comprehensive validation to help
mitigate risks of opacity, instability, and bias. Critical steps in-
clude:

e Datasets with multiple ground-truth measures: clinician
ratings, validated scales, and demographics to enable tri-
angulation.

e Benchmarking against non-generative approaches: e.g.,
LIWC, RoBERTa, or traditional machine learning classi-
fiers.

o Cross-model robustness: comparing results across differ-
ent LLMs (GPT, Claude, Llama).
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e Evaluation prompts: asking models to assess their own
outputs or, in a multi-agent setup, to evaluate the output
of another model (e.g., “Do you agree with this score?”).

e Manual inspection: qualitative review of outputs, ideally
conducted through interdisciplinary collaboration between
domain specialists (e.g., clinicians) and those designing
the prompts.

o Perturbation tests: checking stability by slightly altering
prompts or text snippets.

5 Conclusion

Language remains psychiatry’s most fundamental source of infor-
mation. Automated analysis of clinical transcripts offers a route
toward scalable, theory-driven markers of psychopathology. Our
pilot study suggests that LLMs can approximate expert scoring,
apply validated psychometric instruments, and flexibly analyze
novel constructs with promising validity. Yet these opportunities
are tempered by challenges of interpretability, reproducibility,
and ethics. We argue that LLMs can serve as valuable research
companions and have the potential to benefit clinical diagnostics
when integrated cautiously, transparently, and in theory-driven
ways.
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