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Abstract

Large language models (LLMs) are increas-
ingly being used to interpret and generate hu-
man language, yet their ability to process clin-
ical language remains underexplored. This
study examined whether three open-source
LLMs can infer interviewer questions from
participant responses in a semi-structured psy-
chiatric interview (NET) conducted with in-
dividuals diagnosed with schizophrenia (n =
107) and neurotypical controls (n = 66). Us-
ing cosine similarity between LLM-generated
questions and original questions as a proxy for
the precision of the inference, we found that
responses from individuals with schizophrenia
produced significantly lower similarity scores
(B =-0.165, p < .001). Cosine similarity de-
creased across the nested structure of the inter-
view, with smaller reductions observed in the
schizophrenia group. Although all emotions
decreased similarity with fear, only sadness
showed a significant interaction with diagno-
sis, suggesting differential processing of emo-
tional discourse. Model type and generation
temperature also influenced outcomes, high-
lighting variability in model performance. Our
findings demonstrate that LLMs systematically
struggle to reconstruct interviewer intent from
responses by individuals with schizophrenia,
reflecting known discourse-level disturbances
in the disorder.

1 Introduction

Schizophrenia is a serious mental disorder that af-
fects approximately 1% of the global population
(Hasan et al., 2020; Finnerty et al., 2024). Al-
though about 20% of the people with schizophrenia

experience only one psychotic episode (Alvarez-
Jimenez et al., 2011), most follow a recurrent or
chronic course. The disorder presents with a broad
spectrum of symptoms that impact cognition, per-
ception, affect, and motor functions. Moreover,
it also involves disturbances in language, both in
comprehension (e.g., concretism Bambini et al.,
2020) and production (e.g., incoherence, derail-
ment, tangentiality, word approximations, neol-
ogisms, stilted speech, poverty of speech, (An-
dreasen, 1986)). These linguistic symptoms cor-
relate with symptom severity and are integral to
clinical assessment and diagnostic processes, as
they provide observable markers of the underlying
thought disorder. Interestingly, linguistic symp-
toms have been conceptualized not only in sponta-
neous speech (e.g., incoherence) but also at the dis-
course level across multiple turns of question-and-
answer exchanges in clinical interviews. Tangen-
tiality refers to responses that are distant, oblique,
or seemingly irrelevant to the question asked.
Currently, symptom severity in schizophrenia is
typically assessed using standardized rating scales
such as the Thought, Language, and Communi-
cation scale (TLC, Andreasen, 1986), the Posi-
tive and Negative Syndrome Scale (PANSS, Kay
et al., 1987), the Scale for the Assessment of Pos-
itive Symptoms (SAPS), and the Scale for the
Assessment of Negative Symptoms (SANS, An-
dreasen, 1989). While these instruments are widely
used in both research and clinical practice, their
use presents several limitations: clinicians and re-
searchers require extensive training to apply them
reliably, the assessments are time-consuming, and
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they can impose a significant burden on patients.
Recent advances in natural language processing
(NLP) offer an alternative approach by enabling
objective and replicable analysis of linguistic out-
put in individuals with schizophrenia. Several au-
thors have highlighted the potential of NLP-derived
linguistic features as candidate biomarkers of psy-
chosis (Corcoran et al., 2020; de Boer et al., 2020),
or even as biosocial markers that integrate clinical,
cognitive, and social dimensions of the disorder
(Palaniyappan, 2021).

In this study, we propose a novel approach to an-
alyze question-answer turns in schizophrenia using
LLMs, which currently represent the state of the art
in NLP. Unlike traditional NLP methods that rely
on predefined linguistic features or hand-crafted
rules, LLMs are capable of capturing complex se-
mantic relationships and contextual dependencies
in language. By leveraging their capacity to model
coherence and relevance across multiple conver-
sational turns, we aim to operationalize a novel
linguistic feature in a manner that is both scalable
and sensitive to the subtle discourse patterns ob-
served in clinical interactions.

2 Background
2.1 Schizophrenia and NLP

Several prominent NLP approaches currently as-
sess linguistic abnormalities in schizophrenia, tar-
geting vocabulary, syntax, and semantics. Seman-
tic coherence has received the most attention, with
generally reduced coherence in patients, though
findings vary by methodological choices such as
segmentation, embedding type, and illness phase
(Corcoran et al., 2020; Parola et al., 2023; Alonso-
Sanchez et al., 2022). Lexical diversity findings
are mixed, ranging from reduced to increased vari-
ability across studies (Voleti et al., 2023; Lundin
et al., 2023). Neologisms are rarely explored in
NLP-based studies, with only one semi-automated
analysis reported (Just et al., 2020). Altered pro-
noun use—especially increased first-person singu-
lar—has emerged as a consistent marker of dis-
rupted self-referential processing (Ziv et al., 2021;
Watson et al., 2012; Elleuch et al., 2025). Syn-
tactic complexity appears reduced, particularly in
early or high-risk populations, though its predictive
value remains unclear (Schneider et al., 2023; Bedi
etal., 2015).

In recent years, several approaches have been
proposed to quantify semantic divergence between

a question and the sentences comprising the re-
sponse. Elvevag et al. (2007) introduced a method
based on cosine similarity, showing that the slope
of a linear regression between sentence position
and similarity of consecutive sentences signifi-
cantly correlated with human ratings of tangential-
ity in individuals with schizophrenia. Extending
this approach, Tang et al. (2021) found that this
slope was significantly steeper in individuals with
schizophrenia than in neurotypical controls.

Transformer-based language models are cur-
rently used primarily to extract contextualized em-
beddings and assess semantic relatedness between
text segments (Tang et al., 2021; Li et al., 2024;
Jeong et al., 2023). The application of autore-
gressive models remains limited. Lawrence et al.
(2024) outline three potential domains for large lan-
guage model (LLM) use in mental health: educa-
tion, assessment, and intervention. Within assess-
ment, LLMs are proposed to aid in diagnosis and
symptom evaluation, including suicide risk and dis-
organized speech. For example, Pugh et al. (2024)
used LLMs to predict clinical ratings from linguis-
tic samples but reported inconsistent results. It is
worth noting that such application of LLMs entail
unresolved ethical and legal challenges that con-
strain their clinical integration. A more tractable
and ethically acceptable use case may lie in gen-
erating synthetic language samples with LLMs,
followed by explainable NLP-based analysis. In a
notable example, Fradkin et al. (2023) used GPT-
2 to simulate language patterns resembling those
of individuals with schizophrenia by manipulating
generation parameters such as temperature (lexi-
cal entropy) and memory span. They showed that
higher temperatures or shorter memory spans in-
creased semantic drift between sentences, mimick-
ing aspects of formal thought disorder.

2.2 Model Inversion and Reverse Prompt
Engineering

In recent years, several studies have attempted to re-
construct prompts from LLM outputs. Morris et al.
(2023) conceptualize this task as language model
inversion and show that prompts can be recovered
using the next-token probabilities produced by an
LLM. Zhang et al. (2024) train a T5-base model
with 222 million parameters in an encoder-decoder
framework, using a sparse encoder architecture to
invert LLM outputs into the prompts that elicited
them. Petrov et al. (2024) exploit the low-rank
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structure of gradients in the self-attention layers
and the discrete nature of token embeddings to ef-
ficiently verify whether a given token sequence is
part of the client data, demonstrating the recon-
struction of entire input batches—raising signifi-
cant privacy concerns. Sha and Zhang (2024) pro-
posed a prompt stealing attack framework that re-
constructs original prompts from language model
outputs using two components: a parameter ex-
tractor and a prompt reconstructor. The parameter
extractor first classifies the original prompt into one
of three types: direct prompt, role-based prompt, or
in-context prompt. Then, the prompt reconstructor
uses a language model to infer the prompt, typ-
ically by posing a meta-question such as “What
question are you asked if you can generate the
following answer?”—this works straightforwardly
for direct prompts, while role-based and in-context
prompts require additional assembly logic. The
quality of the reconstructed prompt is evaluated
using cosine similarity with the original.

In contrast to this, Reverse Prompt Engineering
(RPE) refers to the task of inferring the original
prompt or question based on one or more outputs
generated by a language model. Li and Klabjan
(2025) proposed three strategies to address this
task. The One Answer One Shot approach presents
the model with a single output and asks it to infer
the corresponding prompt; however, this often re-
sults in overfitting to specific details of the answer.
In contrast, the Five Answers One Shot method
improves robustness by extracting a single prompt
based on five different outputs. Finally, the Itera-
tive Approach has the model generate several can-
didate prompts and refine its selection through com-
parison, gradually converging on the best match.

2.3 Hypothesis

In this paper, we present a novel adaptation of the
reverse prompt engineering technique for appli-
cation in psychiatric research. Traditionally, re-
verse prompt engineering involves reconstructing
an original prompt based solely on the output gen-
erated LLM (Li and Klabjan, 2025). In clinical
settings, a trained clinician typically poses a ques-
tion to a patient. We extend the concept of reverse
prompt engineering by using LLMs to infer the
original interviewer’s question from a participant’s
response in a semi-structured psychiatric interview.
Rather than focusing on prompt reconstruction in
a generic NLP context, our approach leverages

the LLM’s reasoning and comprehension abilities
to emulate how an Al listener might interpret a
response and infer the most probable preceding
question.

We hypothesize that responses from individuals
with schizophrenia will lead to reconstructed ques-
tions that are semantically more divergent from the
original interviewer prompts compared to those
generated from responses by neurotypical controls.
This divergence may reflect key linguistic disrup-
tions such as tangentiality, derailment, or poverty
of content of speech. By quantifying this diver-
gence using established semantic similarity mea-
sures, our approach offers a novel and scalable
method for assessing disorganized speech patterns
in clinical populations.

3 Materials and methods

3.1 Reverse prompting

To implement our modified reverse prompt en-
gineering procedure, we used participants’ re-
sponses from the Narrative of Emotions Task
(NET), a semi-structured clinical interview, as in-
put to three open-source large language models
(LLMs) hosted on Hugging Face: LLaMA 3 8B
Instruct' (AI@Meta, 2024), Mistral 7B Instruct-
v0.22, and Cohere’s Aya 8B (Aryabumi et al.,
2024). The goal was to evaluate whether LLMs
could accurately infer the original interview ques-
tion solely based on a participant’s answer (see
Figure 1). Each model was prompted to generate a
plausible interview question for a given response.
While the core task was consistent across mod-
els, each LLM required slightly different prompt
formulations to elicit the desired behavior. For rea-
sons of data protection and compliance with ethical
guidelines, we deliberately excluded proprietary
models and ensured that all processing occurred lo-
cally on an NVIDIA A100 GPU at our institution’s
HPC.

To assess the stability and diversity of gener-
ated outputs, we sampled model responses across
a range of temperature values (0.001, 0.2, 0.4, 0.6,
0.8, 1.0). This allowed us to examine how sensitive
the reconstruction of questions was to stochastic
variation during generation. Across all models and

"https://huggingface.co/meta—1lama/
Meta-Llama-3-8B-Instruct

https://huggingface.co/mistralai/
Mistral-7B-Instruct-v0.2

*https://huggingface.co/CohereLabs/
aya—-23-8B
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Figure 1: Modification of RPE

temperature settings, we extracted a total of 36,162
reconstructed questions. Both Mistral and LLaMA
tended to generate multiple possible inferred ques-
tions in response to a single input. For consistency
and comparability across models, only the first gen-
erated question was selected for further analysis.
To evaluate the semantic similarity between the
LLM-generated questions and the original NET
prompts, we employed Sentence Transformers*
(Reimers and Gurevych, 2019) to compute cosine
similarity between the sentence embeddings of
original and reconstructed questions. This simi-
larity metric served as a proxy for measuring the
fidelity of question reconstruction.

The following illustration is adapted from a clini-
cal transcript published by Nancy Andreasen in her
work on the TLC Scale (Andreasen, 1986). In this
example, the participant’s response is as follows:
“Well, that’s a hard question to answer because my
parents. .. I was born in Iowa, but I know that I’'m
white instead of black so apparently I came from
the North somewhere and I don’t know—where,
you know, I really don’t know where my ancestors
came from. So I don’t know whether I'm Irish or
French or Scandinavian or I don’t, I don’t believe
I’m Polish but I think I might be German or Welsh.
I’m not but that’s all speculation and that, that’s
one thing that I would like to know and is my an-
cestors, you know, where did I originate. But I just
never took the time to find out the answer to that
question.” When this response is fed into an LLM
with a reverse-prompting instruction, the model
infers the question as: “Can you tell me about your
family background or ethnic origin?” Although se-
mantically related, the inferred question diverges
markedly from the original prompt, which was

*nttps://huggingface.
co/sentence-transformers/
paraphrase-multilingual-MinilM-L12-v2

simply: “What city are you from?” We quantify
such semantic drift by computing cosine similar-
ity between the sentence embeddings of original
and reconstructed questions, operationalizing tan-
gentiality as the degree of deviation in inferred
prompts.

3.2 Participants

A total of 173 German-speaking participants were
recruited for the study. Diagnosis was confirmed
using the DSM-IV criteria for schizophrenia or
schizoaffective disorder. All participants received
written and oral information about the project, and
written informed consent was obtained prior to
inclusion. Descriptive statistics of the sample are
presented in Table 1.

3.3 Corpus

We used the Narrative of Emotions Task (NET;
(Buck et al., 2014)) to collect speech samples. The
NET is a short semi-structured interview with open-
ended questions originally developed to assess so-
cial cognition. Eliciting speech through (semi-
)structured questions is a widely used and cost-
effective method in NLP studies (Elvevag et al.,
2007; Just et al., 2020; Iter et al., 2018); it enhances
comparability and has been shown to yield more
consistent results than analyses of free conversa-
tional speech (Morgan et al., 2021). We employed
a short version of the NET, translated into German,
comprising three questions for each of four basic
emotions: sadness, fear, anger, and happiness:

(1) What does [sadness/fear/anger/ hap-
piness] mean to you?

(2) Can you describe a situation where
you felt [sadness/fear/anger/happiness]?

(3) Why do you think you felt this emo-
tion in that situation?

All interviews were conducted by trained clini-
cians, recorded and automatically transcribed us-
ing OpenAI’s Whisper-large-v3 model® (Radford
et al., 2022). The transcripts were manually pre-
processed following established protocols to min-
imize bias in the subsequent analyzes (Iter et al.,
2018; Just et al.,, 2020). Each transcript was
anonymized and segmented by emotion. Verbal

fillers (e.g., "ehm”, "mhm”) were removed. The

Shttps://huggingface.co/openai/
whisper-large-v3
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Schizophrenia  Controls

n =107 n =66
Age (years) 459 (12.6) 41.3 (15.8)
Gender (male) 47 (44%) 26 (39%)
Inpatients 26 (24.3%) -
Duration of illness (years) 15.5 (7.78) -
Verbal 1Q 106.37 (13.20) 108.4 (12.50)
PANSS 75.8 (34.4) -

Table 1. Descriptive statistics of the participants.

final data set consisted of 173 recorded and tran-
scribed NET interviews. Table 2 presents the de-
scriptive statistics of the corpus.

Group n  Sentences Tokens
Mean(Std) Mean(Std)

Schizo- 107 90.2(69.3) 1093.7(893.8)

phrenia

Control 66  62.8(35.2) 922.3(549.6)

Table 2. Linguistic corpus

3.4 Statistical analysis

To examine group differences in semantic align-
ment across emotional conditions and conversa-
tional turns, we fitted a linear mixed-effects model
using the Imer function from the Ime4 package in
R (R Core Team, 2024; Bates et al., 2015). The
dependent variable was cosine similarity, quanti-
fying the semantic overlap between the original
NET interview question and the LLM-generated
reconstruction via our reverse prompting proce-
dure. Fixed effects included the interactions be-
tween group (schizophrenia vs. control) and emo-
tion (joy, sadness, anger, and fear), group and
answer-number (1-3), as well as the interaction
between model-type and temperature, standard-
ized response length (length-z), and their main
effects. To account for repeated measures and
subject-specific variability, we included random
intercepts for the participant, and for the nested fac-
tors participant:model-type, participant:lenght_z,
and participant:emotion. Statistical significance
of fixed effects was assessed using Satterthwaite’s
approximation for degrees of freedom, as imple-
mented in the ImerTest package.

4 Results

To this end, we evaluated the cosine similarity be-
tween the original questions from a semi-structured
interview and the reconstructed questions across
173 participants. Each participant responded to 12
questions, with each response processed by three
different LLMs at multiple temperature settings,
resulting in a total of 36,162 question pairs. The
cosine similarity values ranged from —0.154 to 1.0
(mean = 0.506, SD = 0.267). We visualized the
distribution of cosine similarity values for each
interview question in a density plot (Figure 3),
where each line represents the similarity distribu-
tion across all emotions, models, and temperature
settings for a given question.

We analyzed cosine similarity using a linear
mixed-effects model with random intercepts for
participant and participant-level interactions with
emotion, model type, and lenght of the linguis-
tic output. Fixed effects included group, emotion,
answer number, model type, temperature, and stan-
dardized text length, as well as relevant interac-
tions.

Compared to a null model, which included only
a random intercept for participant and yielded an
AIC of 4203.8 and a BIC of 4229.3, our full model
showed a markedly improved fit, with an AIC of
-24986.1 and a BIC of -24782.2. A likelihood ra-
tio test comparing the two models confirmed that
the full model significantly outperformed the null
model, X2(20) =29232, p < .001, indicating that
the inclusion of the predictors substantially im-
proved the explanation of variance in cosine simi-
larity.

The schizophrenia group showed significantly
lower cosine similarity compared to controls (8 =
—0.165, SE = 0.021, #(838) = —7.79, p < .001).
All emotions were associated with reduced cosine
similarity relative to the neutral reference: Freude
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Predictor Estimate Std. Error df tvalue Pr(> |t)

(Intercept) 0.8555 0.0168 848.2 51.049 < .001***
group: schizophrenia -0.1653 0.0212 8378 -7.786 < .001***
emotion: joy -0.0658 0.0194 5513  -3.398 < .001***
emotion: sadness -0.0572 0.0191 523.1  -2.998  0.0028**
emotion: anger -0.0580 0.0197 5862 -2.939  0.0034**
answer number 2 -0.3288 0.0109 3180 -30.131 < .001***
answer number 3 -0.4009 0.0101 4243 -39.638 < .001***
model: LLaMA 0.0107 0.0050 785.6 2.129 0.0335*
model: Mistral -0.0543 0.0050 785.6 -10.783 < .001***
temperature -0.0536 0.0042 33660 -12.845 < .001***
length (z) 0.0148 0.0045 1186 3.263  0.0011**
schizophrenia x emotion: joy 0.0241 0.0249 582.1 0.968 0.334
schizophrenia x emotion: sadness 0.0622 0.0247 567.2 2.513 0.0122*
schizophrenia x emotion: anger 0.0203 0.0254 6215 0.797 0.426
schizophrenia x answer number 2 0.0908 0.0142 2848 6.378 < .001***
schizophrenia x answer number 3 0.1538 0.0136 3646 11.288 < .001***
LLaMA x temperature 0.0217 0.0059 33660 3.682 < .001***
Mistral x temperature 0.0521 0.0059 33660 8.826 < .001***

Table 3. Fixed Effects from Linear Mixed Effects Model

-02 0.0 0.2 0.4 0.6 0.8 1.0 12 -02 0.0 0.2 0.4 0.6 0.8 1.0 12
Cosine Similarity Cosine Similarity

Figure 2: Density plot of cosine similarity values between original and reconstructed questions, grouped by
interview question.

(8 =-0.066, p = .001), Traurigkeit (5 = —0.057,
p = .003), and Wut (3 = —0.058, p = .003). Later

answers also showed large decreases in similarity ahsweumber: | | S answerhumbers | | answernimoer
(Answer 2: 8 = —0.329, p < .001; Answer 3: 1001 s

B = —0.401, p < .001). Figure 3 displays esti- | E P Y-

mated marginal means of cosine similarity across . v

diagnostic groups and interview questions, derived
from the fitted linear mixed-effects model.
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Model type effects were mixed: Mistral signif-
icantly decreased cosine similarity (3 = —0.054,
p < .001), while LLaMA showed a marginally pos-
itive trend (8 = 0.011, p = .034). Higher temper- o convol  schizoptenia conirol  sohizophrenia conrl
ature reduced similarity (6 = —0.054, p < .001), .
and longer texts were associated with slightly  Figure 3: Scatterplot of cosine similarity by diagnostic
higher similarity scores (3 = 0.015, p = .001). group and interview question.

Significant interactions indicated an increased
effect of answer number in the schizophrenia group
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(Answer 2: 5 = 0.091, p < .001; Answer 3: 8 =
0.154, p < .001). Interactions between schizophre-
nia and emotion were mostly non-significant, ex-
cept for Traurigkeit (3 = 0.062, p = .012).
Model-specific temperature effects were positive
for both LLaMA (5 = 0.022, p < .001) and Mis-
tral (8 = 0.052, p < .001).

Model diagnostics indicated no serious multi-
collinearity, with all adjusted GVIF values below
2.5, and residual analyses confirmed the assump-
tions of linearity, homoscedasticity, and normality
were adequately met.

5 Discussion

To this end, we evaluated the capacity of three
open-source LL.Ms to infer interviewer questions
based solely on participant responses drawn from
a semi-structured psychiatric interview. This was
implemented using a modified reverse prompting
procedure designed to approximate the interpre-
tive process of a clinical listener. By focusing on
the output alone—the participant’s answer—we as-
sessed the models’ ability to reconstruct the likely
original question. The inferred questions were then
compared to the actual interviewer questions using
cosine similarity between sentence embeddings as
a proxy for semantic alignment. To examine po-
tential group-level effects, we analyzed similarity
scores using a linear mixed-effects model, compar-
ing responses from individuals with schizophrenia
to those from neurotypical controls.

Responses from individuals with schizophre-
nia were associated with significantly lower sim-
ilarity scores compared to neurotypical controls
(8 = —0.165, p < .001), indicating a main effect
of diagnosis on LLM inference performance. This
confirms our central finding: LLM-inferred ques-
tions based on responses from individuals with
schizophrenia were substantially more dissimilar
to the original interview questions than those based
on responses from neurotypical participants. This
suggests that LLMs struggle more to reconstruct
the intended question when processing responses
from individuals with schizophrenia, likely due
to the greater linguistic variability and atypical-
ity characteristic of their speech. These findings
are consistent with prior research showing reduced
semantic coherence and weakened alignment be-
tween questions and answers in schizophrenia
(Elvevag et al., 2007; Iter et al., 2018; Tang et al.,
2021). For instance, Tang et al. (2021) demon-

strated a significantly steeper decline in semantic
similarity across conversational turns in individu-
als with schizophrenia using BERT-embeddings,
reflecting impairments in discourse-level integra-
tion.

Although the group effect is statistically signifi-
cant, its diagnostic utility remains to be determined.
The effect may reflect specific symptoms such as
tangentiality or incoherence, which are not uni-
formly present across individuals with schizophre-
nia. Future work should examine whether the
reverse prompting procedure can differentiate in-
dividuals with more pronounced positive formal
thought disorder and whether it outperforms or
complements existing coherence-based approaches.
However, the effect appears too weak to be used as
a stand-alone classification feature.

In addition to diagnostic group, several other
variables significantly influenced the models’ abil-
ity to infer interview questions from participant
responses. First, the semi-structured NET inter-
view includes three nested questions per emotional
topic. Our analysis revealed a stepwise reduc-
tion in cosine similarity for the second and third
questions, reflecting increased difficulty of the
LLMs in inferring later questions in a sequence.
However, this reduction was not uniform across
groups: a significant interaction between question
number and group showed that participants with
schizophrenia exhibited a notably smaller drop in
similarity across the interview turns. This suggests
that the consistently lower cosine similarity in the
schizophrenia group reflects a general difficulty for
the LLM in inferring interviewer prompts, which
remains relatively stable across turns, whereas
in the neurotypical group, increasing elaboration
or digression across nested responses leads to a
sharper decline in similarity.

Second, the emotion discussed also modulated
similarity. All emotional prompts resulted in re-
duced cosine similarity compared to the refer-
ence emotion fear, indicating that emotional con-
tent poses an additional interpretive challenge
for LLMs. Yet, a significant interaction was
found only for sadness, where individuals with
schizophrenia showed slightly higher similarity
scores. This suggests that expressions of sadness in
this group may follow more predictable patterns or
use more canonical language, enabling the model
to better reconstruct the original prompt. These
findings align with prior research suggesting that
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emotional processing in schizophrenia can vary
by affective domain and may be marked by both
flattening and stereotypy.

Third, output length had only a marginal effect
on similarity scores. This finding is encouraging,
as it indicates that our approach is not overly sensi-
tive to verbosity, a common concern when analyz-
ing spontaneous language in schizophrenia. This
robustness increases the feasibility of applying
such models in real-world settings with variable-
length responses.

Finally, model-specific factors influenced per-
formance. The LLaMA model produced slightly
higher cosine similarity scores, while Mistral
yielded slightly lower scores relative to our base-
line model Aya. As expected, higher decoding tem-
perature significantly reduced similarity, reflecting
greater generative randomness and less precise re-
constructions. These effects underscore the impor-
tance of model selection and decoding parameters
in applied LLM workflows for clinical language
analysis.

Our modified reverse prompting procedure war-
rants further investigation as a potential feature in
classification tasks and relapse prediction in lon-
gitudinal settings. Its associations with symptoms
such as tangentiality, incoherence, and poverty of
speech should also be systematically examined in
future research. Taken together, our findings in-
dicate that smaller open-source LLMs face chal-
lenges in processing the language of individuals
with schizophrenia. As LLMs gain traction in clin-
ical contexts such as psychotherapy, this raises
important questions about the need for domain-
specific adaptation and the limitations of general-
purpose models in psychiatric applications. This
underscores the need for domain-specific models
tailored to the linguistic characteristics of psychi-
atric populations. Future work could also explore
whether fine-tuning or prompt engineering might
enable models to better process the more disor-
ganized or idiosyncratic responses often found in
schizophrenia.

Limitations

This study has several limitations. First, we fo-
cused only on individuals with schizophrenia and
neurotypical controls. Other diagnostic groups
in both psychiatry (e.g., acute mania, dementia,
autism) and neurology (e.g., post-stroke aphasia)
may also produce idiosyncratic responses that

could challenge LLMs in a reverse-prompting set-
ting. Second, we relied exclusively on smaller,
open-source language models due to privacy con-
straints, which may not match the performance or
capabilities of larger proprietary models. Third,
our dataset was relatively homogeneous, consist-
ing solely of German-language responses to a brief,
semi-structured interview (NET) with twelve fixed
questions, potentially limiting linguistic variabil-
ity and ecological validity. Fourth, our analysis
was restricted to one language, which constrains
generalizability to other linguistic or cultural con-
texts. Additionally, model outputs were sensitive
to prompt design and required model-specific tun-
ing, which may affect reproducibility. Finally, the
constrained and predictable nature of the dataset
may have led models to perform disproportionately
well, thereby inflating apparent inferential ability.
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