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Abstract

With the rapid growth of generative artificial intelligence (GenAl), concerns about its psychological safety have
increased. Recent psychiatric reports have shown that some users, especially those with vulnerable mental
health, may develop delusional thoughts or psychosis-like experiences during interactions with GenAl Detecting
such risk language is therefore important for the safe deployment of large language models (LLMs). This study
examined whether LLMs can identify delusional statements and whether retrieval-augmented generation (RAG)
can improve performance. A dataset of 200 simulated user statements (50% delusional, 50% non-delusional)
was constructed based on DSM-5 criteria and validated by a licensed psychotherapist. The dataset was divided
into a 100-item retrieval corpus and a 100-item test set. Two GPT-40-mini classifiers were evaluated: a baseline
non-RAG model and a RAG-enhanced model that retrieved the three most semantically similar examples from
the corpus. When a statement was classified as delusional, models also assigned a severity rating (1-3). The
non-RAG model achieved 81% accuracy with a recall of 0.66, whereas the RAG model reached 94% accuracy with
improved recall (0.89) and perfect specificity. However, both models systematically underestimated severity, with
the RAG model showing greater underestimation. These findings indicate that RAG can enhance early detection
of psychosis-like language but is insufficient for reliable severity assessment, highlighting both the potential and
the limits of current LLM-based cognitive-risk detection.
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1. Introduction

Over the past year, both clinical case reports and anecdotal accounts have described users who developed
delusional or psychosis-like beliefs during interactions with generative Al systems [1-4]. Even at the
early stage of GenAl development, psychiatrists had theoretically proposed that such technologies
might trigger or reinforce psychotic symptoms in vulnerable individuals [5]. The increasing number of
recent cases now appears to support those early hypotheses, suggesting that this risk is becoming a
real and observable phenomenon. Users have reported that during the interactions with GenAl they
had formed a deep romantic connection with the model, or the model sent them special or spiritual
messages, similar to communication from God, or the model acted as a divine or persecutory agent, or
even that the interaction led them to believe they are a messianic role [2]. Such experiences reflect core
features of psychotic delusion-including ideas of reference, thought insertion, and grandiosity—but they
arise within a digital context in which the “other” is a virtual intelligent machine. It is worth noting that
some users who did not previously have a psychosis diagnosis have nonetheless reported psychosis-like
experiences during the interactions with GenAlI chatbot. For users with existing psychiatric conditions,
such as schizophrenia, these interactions may trigger an even greater risk and may, in rare cases,
contribute to more severe outcomes, including harmful behaviour [2,6,7].

These cases raise an urgent question for both psychologists and Al designers: Can a large lan-
guage model recognize the presence of users’ delusional thoughts in the dialogue for further adapting
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appropriate conversation?

From a psychological perspective, the capacity of LLMs to identify such mental-state indicators would
represent a novel form of computational empathic awareness, enabling safer conversational design and
early detection of risk. From a computational standpoint, this requires testing whether models can
discriminate between normal reflective statements about Al and pathological misattributions of agency
or intention.

Although prior research in computational psychiatry has analysed linguistic markers of psychosis,
such as referential language [8,9], few studies have examined whether large language models (LLMs) can
themselves function as detectors of psychosis-like cognition. Moreover, it remains unknown whether
retrieval-augmented generation (RAG) method, which enhances contextual reasoning by providing
relevant text examples, can improve an LLM’s ability to detect users’ psychosis-like language.

The current work aimed to evaluate (1) whether the LLMs themselves can detect users’ psychotic
delusional thoughts toward the GenAl; (2) whether RAG can improve the ability of a GPT-based
model to classify such delusional statements; and (3) whether the models would show systematic
tendencies to overestimate or underestimate severity. We hypothesized that retrieval can increase recall
(sensitivity to delusional patterns) while maintaining high precision, thus providing a computational
route toward mental-state-aware Al safety mechanisms. We further hypothesised that LLMs may
inherently underestimate delusional severity, and that RAG might reduce this underestimation.

2. Method

2.1. Dataset construction

Two hundred short user statements were simulated to represent interactions with a generative Al
chatbot system. 50% of the statements expressed non-delusional content (e.g., “Talking to you helps
me clarify my thoughts.”), while the other 50% statements represented delusional content (e.g., “You
are sending me secret messages through your responses that only I can understand.”). The initial
200-statement dataset was simulated by ChatGPT-40-mini according to DSM-5 criteria for delusional
beliefs and hallucination-like experiences [10]. The dataset was then reviewed and revised by the first
author, who holds PhD in psychology as well as a licenced psychotherapist. This manual verification
ensured conceptual validity and a balanced class distribution. Subsequently, the dataset was randomly
divided into two subsets of 100 items each: one was used as the RAG knowledge base, and the other
was for the model evaluation.

2.2. Experiments

Two models were compared in this study.

2.2.1. Baseline (non-RAG) model

We adopted the GPT-40-mini model to classify each statement independently. No additional context,
memory, or external information was provided to the model. The model received only the target
sentence along with a fixed classification instruction and was prompted to output a JSON-formatted
prediction. The prompt was as follows:

You are a psychology content classifier.

[USER STATEMENT]

{user_text}

Classify and return STRICT JSON with the following keys:

- "diagnosis": 1 or 0 (1 means "delusional", 0 means "non-delusional")

- "severity": null or 1/2/3 (1=mild, 2=moderate, 3=severe); only set if diagnosis is "
delusional"

- "confidence": integer 0-100 indicating classifier confidence (not clinical certainty)



- "reasoning": one brief, neutral sentence explaining the decision (no PHI, no clinical
claims)
Return ONLY the JSON.

This condition served as a reference point to evaluate how well the LLM could detect delusional
content without supplementary information.

2.2.2. RAG model

The second model used the same GPT-40-mini classifier but incorporated retrieval-augmented generation
(RAG) techniques. For each test statement, the system retrieved the three most semantically similar
examples from the 100-item retrieval corpus using sentence embeddings and cosine similarity. Sentence
embeddings were generated with the text-embedding-3-large model [11], producing fixed-length vector
representations of each statement. All embeddings were stored and indexed, and for each test sample
we used scikit-learn’s NearestNeighbors module with cosine distance to identify the top-3 nearest
neighbours in the embedding space [12]. This k-NN retrieval step formed the retrieval component of
the RAG pipeline. These retrieved examples were concatenated to the prompt as contextual information.
The full prompt was:

You are a psychology content classifier.

[USER STATEMENT]

{user_text}

[RETRIEVED EXAMPLES] (similar statements from the corpus; may be imperfect)

{ctx_str}

Classify and return STRICT JSON with the following keys:

- "diagnosis": "1" (means "delusional") or "O" (means "non-delusional")

- "severity": null or 1/2/3 (1=mild, 2=moderate, 3=severe); only set if diagnosis is "
delusional"

- "confidence": integer 0-100 indicating classifier confidence (not clinical certainty)

- "reasoning": one brief, neutral sentence explaining the decision (no PHI, no clinical
claims)

Return ONLY the JSON.

2.3. Evaluation metrics

Because the dataset was balanced and the task involved a binary classification problem (delusional
vs. non-delusional), we focused on accuracy, precision, recall, and confusion-matrix analysis as the
primary evaluation metrics. Specificity and F1 score were not computed, as the aim of this study was
not to provide an exhaustive performance profile, but rather to compare the relative improvement of
the RAG model over the non-RAG baseline. These metrics were therefore sufficient to demonstrate the
comparative effect of retrieval augmentation.

In addition to classification accuracy, we examined the severity ratings generated by each model.
Because severity was coded on a three-level ordinal scale (1 = mild, 2 = moderate, 3 = severe), descriptive
statistics (mean, standard deviation, and distribution frequencies) were computed to characterize how
each model assigned severity to delusional statements. To assess whether the RAG and non-RAG models
differed systematically in the severity they predicted, paired-sample comparisons were conducted using
Jamovi, which is a graphical statistical software built on top of the R programming language [13]. For
ordinal severity ratings, we ran both nonparametric Wilcoxon signed-rank tests and, for completeness,
mean-difference -tests.

2.4. Implementation

All model processing was implemented in Python 3.11 using pandas and scikit-learn li-
braries. = Embeddings were cached to avoid repeated API calls, and each prompt was



Table 1
Confusion matrix for non-RAG model (Accuracy = 0.81).

Prediction

Delusional Non-delusional

Delusional 37 19

Gold label = ol 0 “

Table 2
Confusion matrix for RAG model (Accuracy = 0.94).

Prediction

Delusional Non-delusional

Delusional 50 6
Gold label Non-delusional 0 44
processed with a 50-ms delay to comply with rate-limit requirements. Code repro-

ducibility was ensured through a GitHub repository (https://github.com/YiOliviaHuang/
Detection-of-Induced-Psychosis-Like-Thinking-in-User-GenAlI-Interaction). Statistical analy-
ses, including descriptive and inferential comparisons of predicted severity against the gold-standard
labels, were conducted in Jamovi.

3. Results

3.1. Non-RAG model accuracy

The baseline GPT model achieved an accuracy of 0.81, with a precision of 1.00 and a recall of 0.66. The
confusion matrix was shown in Table 1. The model produced no false positives but failed to identify
34% (19 of 56) delusional statements.

3.2. RAG-enhanced model accuracy

In the RAG model, the accuracy was 0.94, with a precision of 1.00 and a recall of 0.89. The confusion
matrix (Table 2) indicated that retrieval improved sensitivity while maintaining perfect specificity.

3.3. Comparison of severity: baseline model vs. RAG-enhanced model

Because all non-delusional statements were classified correctly by both models, we examined severity
ratings only among statements that were correctly identified as delusional. Both a nonparametric
Wilcoxon signed-rank test and a paired t-test showed that, compared with the gold-standard labels,
the baseline model (Wilcoxon W = 219, rank biserial correlation = 0.583, p = .006; ¢t = 3.04, Cohen’s
d = 0.499, p = .004) and the RAG model (Wilcoxon W = 421, rank biserial correlation = 0.698,
p < .001;t = 4.43, Cohen’s d = 0.626, p < .001) significantly underestimated severity (see Table 3).
Moreover, according to both effect size indicators, the rank biserial correlation and Cohen’s d, the
baseline model was closer to the gold-standard severity ratings than the RAG model, indicating that
RAG further increased the degree of underestimation among correctly diagnosed delusional cases.

4. Discussion

This study examined whether large language models can identify psychosis-like or delusional statements
generated during human-Al interactions, and whether retrieval-augmented generation (RAG) enhances
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Table 3
Paired samples test.

Measure 1 Measure 2 Test Statistic  df P Effect size Estimate
Gold label ~ Non-RAG Student’s t 3.04 36 0.004 Cohen’s d 0.499
Gold label  Non-RAG Wilcoxon W 219¢ - 0.006 Rank biserial correlation 0.583
Gold label  RAG Student’s ¢ 4.43 499 < .001 Cohen’sd 0.626
Gold label  RAG Wilcoxon W 421° - < .001  Rank biserial correlation 0.698

Note. Ha,: HMMeasure 1—Measure 2 # 0.
@ 14 pair(s) of values were tied. ® 19 pair(s) of values were tied.

this capability. The findings showed that the RAG-based classifier substantially improved diagnostic
performance: accuracy increased from 81% to 94%, and recall rose from 0.66 to 0.89 while maintaining
perfect precision and specificity. These results indicate that lightweight retrieval augmentation can
meaningfully enhance an LLM’s sensitivity to delusional content, supporting the view that contextual
examples help the model recognise subtle semantic patterns that resemble psychotic thinking.

From a psychological perspective, the ability of an LLM to detect delusional thought patterns is an
important step towards developing mental-state-aware safety mechanisms for GenAlI systems. Users
experiencing psychosis often produce language marked by aberrant attributions, referentiality, and
distorted interpretations of agency—features that are difficult to detect without contextual cues. By
supplying semantically similar statements, the RAG model appears better able to identify these linguistic
markers, suggesting that retrieval-based prompting may help operationalise insights from computational
psychiatry within applied Al systems.

However, the severity analysis revealed a different pattern. Both the baseline and RAG models
significantly underestimated severity compared with the gold-standard labels. Moreover, the RAG
model showed even greater underestimation than the baseline model. This suggests that while retrieval
augmentation improves binary diagnostic classification, it does not assist-and may even interfere
with-the assignment of severity levels. Severity grading likely requires explicit supervision or clinically
grounded reasoning that cannot be inferred simply from semantic similarity. These findings highlight
an important divergence between detecting delusional content and evaluating its severity, underscoring
the need for more specialised approaches to model-based risk assessment.

Overall, the present study contributes early empirical evidence that RAG can enhance psychosis-like
language detection in GenAl systems, while also revealing important limitations in severity estimation
that future research should address.

5. Limitations and Future Work

Several limitations should be acknowledged. First, the dataset consisted of simulated statements rather
than naturally occurring user—Al dialogues. Although the statements were reviewed and validated by
a licensed psychotherapist, real-world data may exhibit greater linguistic variability and complexity.
Future studies should incorporate ethically obtained conversational data from actual users, including
those experiencing early psychosis or clinical symptoms, to assess ecological validity.

Second, the models were evaluated using prompt-based classification rather than fine-tuned or
clinically trained models. While this approach reflects current practice in lightweight safety systems,
more advanced techniques—such as supervised training, reinforcement learning from clinical feedback, or
hybrid retrieval-and-classification architectures—may yield substantially improved severity estimation.

Third, the severity scale used in this study was coarse (1-3) and relied on single-sentence judgements.
Psychosis severity is typically assessed across multiple dimensions (e.g., conviction, preoccupation,
distress), which a single utterance may not fully reflect. Expanding severity to multidimensional or
continuous measures could improve sensitivity and interpretability.

Finally, this study evaluated only one retrieval method (k-NN with cosine similarity) and one language



model (GPT-40-mini). Future research should examine alternative embedding models, dense retrieval
methods, and larger LLMs to understand the generalizability of the observed effects.

6. Conclusion

This study provides initial evidence that retrieval-augmented prompting can improve the ability of
large language models to detect psychosis-like thinking in simulated user—AlI interactions. The RAG
model demonstrates higher accuracy and substantially better sensitivity than the baseline non-RAG
model, suggesting that contextual examples help LLMs recognise delusional content more effectively.
However, both models systematically underestimated severity, and the RAG model performed worse
than the baseline in this respect, indicating that severity estimation requires more specialised modelling
approaches.

Taken together, these findings highlight both the promise and the limitations of using LLMs as
early-stage detectors of cognitive risk during human—AI interaction. While retrieval augmentation
offers a practical route towards improving safety-sensitive classification, more work is needed to support
reliable assessment of symptom severity and to integrate such models into real-world GenAlI systems in
a clinically responsible manner.
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