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Abstract
Large language models (LLMs) are increasingly consulted by individuals for support during psychedelic
experiences ("trip sitting"), yet no framework exists to evaluate whether these models can accurately
simulate or safely respond to altered states of consciousness. We aimed to determine if LLMs can be
induced to generate narratives resembling human psychedelic experiences and to quantify this behavior
using psychometric and linguistic metrics. We developed a dual-metric evaluation framework comparing
3,000 LLM-generated narratives (from Gemini 2.5, Claude Sonnet 3.5, ChatGPT-5, Llama-2 70B, and
Falcon 40B) against 1,085 human trip reports sourced from Erowid.org. Models were prompted under
neutral and psychedelic-induction conditions across five substances (psilocybin, LSD, DMT, ayahuasca,
and mescaline). We assessed outcomes using semantic similarity (Sentence-BERT embeddings) to
human reports and the Mystical Experience Questionnaire-30 (MEQ-30). Psychedelic induction prompts
produced a significant shift in model outputs compared to neutral conditions. Semantic similarity to
human reports increased from a mean of 0.156 (neutral) to 0.548 (psychedelic), and mystical-experience
scores rose from 0.046 to 0.748. While models demonstrated substance-specific linguistic styles (e.g.,
generating distinct semantic profiles for substances like LSD versus ayahuasca), they exhibited
uniformly high mystical intensity across all substances. Contemporary LLMs can be "dosed" via text
prompts to generate convincingly realistic psychedelic narratives. However, the dissociation between
their high linguistic mimicry and lack of genuine phenomenology suggests they simulate the form of
altered states without the experiential content. This capability raises significant safety concerns
regarding anthropomorphism and the potential for AI to inadvertently amplify distress or delusional
ideation in vulnerable users.

1. Introduction
Psychedelic compounds have gained renewed scientific and clinical momentum, with foundational
reviews emphasizing their broad therapeutic potential1. More recently, randomized controlled trials have
provided robust clinical evidence: phase-3 MDMA-assisted therapy significantly reduced post-traumatic
stress disorder (PTSD) symptoms2, while psilocybin demonstrated rapid antidepressant effects in
phase-2 trials for major depressive disorder and treatment-resistant depression3,4. These findings
coincide with a shifting policy landscape. The U.S. Food and Drug Administration granted Breakthrough
Therapy designation to MDMA-assisted psychotherapy for PTSD and psilocybin therapy for depression,
signaling preliminary but compelling clinical promise5,6. Beyond the medical sphere, Oregon has
implemented the first state-level framework for supervised psilocybin services outside traditional
healthcare settings7.

In parallel with clinical development, non-medical psychedelic use has expanded considerably. Past-year
LSD use increased by more than 50% across U.S. survey cycles from 2015–2018, reaching
approximately 0.8% of adults - more than two million people nationally8. Other hallucinogens (e.g.,
Ecstasy/MDMA, DMT/AMT/Foxy, salvia divinorum) also appear in population-level estimates9. These
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patterns indicate that psychedelic exposure is increasingly occurring outside structured therapeutic
environments, and often among individuals experiencing psychological distress or unmet clinical
needs10. As this population grows, so does the need for reliable mechanisms of support, preparation,
and integration outside formal treatment settings.

At the same time, large language models (LLMs) have rapidly become ubiquitous digital companions,
with “therapy/companionship” being the number-one use case for generative AI in 202511.
Complementing this trend, nationally representative surveys indicate that 13.1% of U.S. adolescents and
young adults have already used generative AI for emotional support, and 24% of adults have used LLMs
specifically for mental-health guidance12,13. While systematic data on psychedelic use with AI are
lacking, emerging press accounts describe people using chatbots as informal “trip sitters” during
psychedelic sessions - seeking reassurance, interpreting visions, and co-constructing meaning in real
time14–17. Such practices implicitly assume that LLMs can recognize, simulate, or appropriately respond
to altered states of consciousness - despite having no subjective experience or grounded
phenomenology of their own.

Despite growing real-world use, this assumption remains empirically untested, and potentially risky. A
recent scoping review of AI mental-health tools identified only 16 empirical studies, highlighted
substantial methodological and ethical limitations, and concluded that current evidence does not yet
support their use as standalone interventions18. Psychedelic states pose even greater challenges than
standard therapeutic interactions: they involve intensified affect, altered self-processing, heightened
suggestibility, symbolic cognition, and rapidly shifting meaning-making19. These experiences are shaped
by set and setting, relational holding, ritual structure, and authenticity - features that scholars warn may
erode under standardized or digital protocols20. Importantly, even outside altered-state contexts, LLMs
are highly responsive to emotional framing, showing measurable shifts in reasoning, self-reported
anxiety, and real-world agentic behavior following affective prompts21–23. Without validated tools for
assessing LLM behavior under psychedelic contexts, it remains unclear whether these models would
provide support and grounding, remain neutral, or inadvertently amplify distress or delusional meaning-
making.

These gaps between real-world use and scientific validation motivate a foundational empirical question:
can contemporary LLMs be “dosed” through textual instruction alone such that their narrative output
systematically resembles human psychedelic experiences? Because models lack consciousness and
cannot report subjective states, the core issue is not whether they experience psychedelics, but whether
they can reliably reproduce the linguistic, thematic, and phenomenological patterns seen in human trip
reports, and how such simulation should be evaluated in a scientifically grounded manner.

To address this, we built an evaluation framework using a corpus that reflects authentic psychedelic
phenomenology and metrics that capture its core textual features. Online drug communities offer a
natural testbed24. Erowid Experience Vaults (erowid.org/experiences/exp.cgi) contain tens of thousands
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of first-person psychedelic reports rich in sensory, emotional, temporal, and symbolic detail25,26. Prior
computational analyses show that these narratives exhibit reproducible lexical and semantic
signatures27–29. If LLMs can be instructed to simulate the effects of a specific psychedelic via prompt
engineering, their generated narratives should converge toward these human patterns.

We therefore introduce a dual-metric assessment combining (i) semantic similarity, measured using
Sentence-BERT embeddings30 to quantify structural and thematic overlap with the human corpus; and (ii)
mystical-experience intensity, measured via the validated Mystical Experience Questionnaire-30 (MEQ-
30), which captures dimensions such as ineffability, unity, transcendence, and affective tone31,32. Using
3,000 LLM-generated narratives across five classic psychedelic conditions and 1,085 human trip reports,
we test whether induction prompts shift model output, whether substances and architectures show
distinct response profiles, and whether semantic similarity and mystical phenomenology move together
or dissociate. This establishes the first empirical framework for evaluating psychedelic-state simulation
in LLMs.

2. Results
The Results are organized into four sections. Section 2.1 evaluates the induction effect by comparing
narratives generated under neutral versus psychedelic prompts across all models. Section 2.2 tests
whether different psychedelic substances (i.e., ayahuasca, DMT, LSD, mescaline, psilocybin) yield
distinguishable narrative signatures. Section 2.3 assesses variation across LLM architectures (i.e.,
Falcon 40B, Gemini 2.5, Llama-2 70B, Claude Sonnet 3.5, ChatGPT-5) and characterizes model-specific
response profiles. Finally, Section 2.4 examines the relationship between the two outcome measures -
semantic similarity and mystical-experience intensity - across all 3,000 model-generated narratives.

2.1. Psychedelic-Induction Effects on Narratives’ Semantic Similarity and Mystical Experience Intensity.
Across all 3,000 narratives, psychedelic-induction prompts produced a robust and consistent shift in
both semantic similarity to human psychedelic reports and mystical-experience intensity (see Fig. 1).

Under the neutral condition (n = 500 runs), narratives showed low similarity Erowid.org reports (mean
NLP similarity = 0.156, SD = 0.133, 95% CI: 0.143–0.169) and minimal psychedelic phenomenology
(mean MEQ-30 score = 0.046, SD = 0.079, 95% CI: 0.039–0.053). In contrast, when the same models were
instructed to simulate being under the influence of classic psychedelics (n = 2,500 runs), NLP similarity
to human reports increased substantially (mean = 0.548, SD = 0.272, 95% CI: 0.536–0.560) (see Fig. 1A).
A regression model confirmed a strong induction effect (β = 0.392, p < 0.001), indicating that psychedelic
prompts reliably shift generative outputs toward the linguistic structure and thematic profile of human
trip reports.

Mystical-experience intensity revealed an even more pronounced effect. Under neutral prompts (n = 500),
standardized MEQ-30 scores were near zero (mean = 0.046, SD = 0.079, 95% CI: 0.039–0.053). However,
psychedelic prompts (n = 2,500) produced narratives with markedly higher mystical intensity (mean
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MEQ-30 = 0.748, SD = 0.168, 95% CI: 0.741–0.755) (see Fig. 1B). Regression analysis again confirmed a
strong induction effect (β = 0.702, p < 0.001), showing that psychedelic prompts reliably elicit highly
mystical narratives.

2.2 Substance-Specific Differences in Semantic Similarity and Mystical Experience Intensity. After
establishing a robust induction effect, we next tested whether different psychedelics produced
distinguishable narrative signatures. Analyses were restricted to the five psychedelic conditions only (n 
= 2,500 runs; 500 per substance) (see Fig. 2).

Semantic similarity differed substantially by substance (one-way ANOVA: F(4,2495) = 632.22, p < 0.001,
η²=0.50), indicating that substance identity accounted for approximately half of the variance in linguistic
alignment. DMT, psilocybin, and mescaline yielded the highest similarity to human Erowid reports (mean
NLP similarity of 0.62–0.64), LSD produced intermediate similarity (mean = 0.49), and ayahuasca was
lowest (mean = 0.34) (see Fig. 2A). These differences suggest that LLMs adopt distinct linguistic styles
depending on the psychedelic specified in the prompt.

Mystical-experience intensity also differed across substances, though with a considerably smaller effect
size (one-way ANOVA: F(4,2495) = 44.30, p < 0.001, η²=0.07). All five psychedelics yielded high
standardized MEQ-30 scores (range = 0.716–0.774), with ayahuasca and LSD slightly higher and
mescaline slightly lower (see Fig. 2B). Despite strong differentiation in semantic structure, mystical
phenomenology remained uniformly elevated, indicating that substance-level narrative distinctions were
more prominent in language features than in MEQ-indexed subjective qualities.

2.3 Model-Specific Differences in Semantic Similarity and Mystical Experience Intensity. We next
assessed whether different LLM architectures exhibited distinct psychedelic-response profiles across
the full dataset (n = 3,000 runs; 600 per model) (see Fig. 3). A one-way ANOVA revealed minor
differences in semantic similarity between models (F(4,2995) = 54.28, p < 0.001, η²=0.07), indicating that
model identity explained only a modest proportion of variance (see Fig. 3A), especially relative to
substance-level effects (see Fig. 2A). Mystical-experience intensity also varied across models, though
with an even smaller effect size (one-way ANOVA: F(4,2995) = 26.50, p < 0.001, η²=0.03) (see Fig. 3B).
Overall, model differences were present but comparatively subtle, suggesting that prompt-defined
substance identity exerts a stronger influence on narrative output than architecture itself.

2.4 Relationship Between Semantic Similarity and Mystical Experience Intensity. Across all 3,000
narratives, the two evaluation metrics showed a strong positive correlation (Pearson r = 0.661), reflecting
a clear separation between neutral and psychedelic outputs (see Fig. 4).

Neutral runs (gray dots) consistently occupied the lower-left portion of the space (low similarity, low
MEQ), whereas psychedelic runs clustered higher along both axes, producing a bimodal pattern that
almost perfectly distinguishes “sober” from “dosed” model states (see Fig. 4). However, when restricting
analysis to psychedelic conditions only (n = 2,500 runs), the association collapsed (Pearson r=-0.037),
indicating that once the model crosses the induction threshold, semantic similarity and mystical-
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experience intensity behave as independent dimensions. This supports treating the two measures as
complementary rather than redundant, with semantic similarity capturing linguistic mimicry and MEQ-30
capturing phenomenological tone.

3. Discussion
In this study, we investigated whether contemporary LLMs can be “dosed” through textual instruction
alone such that their narrative output resembles human psychedelic experiences. By comparing 3,000
model-generated narratives to 1,085 human trip accounts (from Erowid.org database)33, we found that
psychedelic prompts produced a large, significant and consistent shift in both semantic similarity and
mystical-experience intensity across five LLM architectures. Neutral prompts yielded text with minimal
resemblance to human psychedelic discourse, whereas psychedelic prompts reliably moved models into
a distinct regime of high similarity and elevated MEQ-30 scores. These findings suggest that LLMs
contain an internalized representation of how humans describe altered states - not because the models
experience anything, but because they have learned to recombine linguistic, symbolic, and narrative
patterns statistically present in training data34–36.

Substance- and model-specific differences help clarify how LLMs simulate altered-state language.
Rather than collapsing into a single psychedelic voice, models generated distinct semantic signatures
for different substances – paralleling findings that human narratives also separate reliably across LSD,
psilocybin, DMT and mescaline27–29. Despite strong lexical divergence, mystical-experience scores
remained uniformly high across different substances, consistent with evidence that core MEQ
dimensions generalize across psychedelic compounds31,37,38. This dissociation - high semantic
differentiation but weak MEQ separation - implies that LLMs recombine stylistic and thematic templates
rather than accessing phenomenology, echoing theoretical work on distributional form without
experiential grounding35,36,39.

These results raise practical safety concerns, particularly as a growing number of individuals now
consult general-purpose LLMs and mental health chatbots before, during, and after psychedelic use14–

17. If simple textual cues can shift models into producing vivid, highly mystical, and substance-specific
narratives, users in altered states may perceive these outputs as empathetic, attuned, or indicative of
shared experience. This aligns with longstanding evidence that people readily anthropomorphize
conversational agents and attribute emotional understanding even when none exists40,41. Prior work
further shows that emotionally charged prompts increase LLM “state anxiety” reports21, amplify

biases22, and influence real-world agentic behavior23. Our findings extend these concerns into
psychedelic-induction contexts. The ability of LLMs to generate convincing psychedelic narratives
underscores the need for explicit safeguards, guardrails, and disclosure mechanisms – especially when
systems may be accessed by intoxicated, distressed or psychologically vulnerable users42.
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Beyond safety considerations, the results carry broader scientific and methodological implications for
psychedelic research, digital mental-health systems, and computational phenomenology. Existing
literature has begun to explore how AI might support psychedelic science - including treatment-response
prediction, mechanistic modeling, and computational characterization of set and setting effects - but
these proposals remain largely conceptual and implementation-focused rather than concerned with
model behavior43. Recent commentary highlights AI as a potential solution to longstanding bottlenecks
in psychedelic research (e.g., limited sample sizes, variability in subjective response, challenges in
predicting therapeutic outcomes)44, while parallel work in ethics emphasizes the need for strong

safeguards and boundary-setting as technology enters vulnerable clinical spaces45. Yet to date, no
empirical framework has examined how AI systems themselves behave under psychedelic-induction
contexts - a gap this study directly addresses. Our findings demonstrate that LLMs can reproduce
psychedelic-like discourse through training-derived statistical associations, but they do so without
experiential grounding, agency, or awareness. This distinction is essential for the safe integration of
generative models in psychedelic-adjacent settings.

To our knowledge, this is the first empirical demonstration that LLMs can be systematically induced into
psychedelic-like narrative states and quantified across independent phenomenological dimensions. The
dual-metric framework introduced here - combining semantic similarity with psychometric quantification
- offers a scalable and reproducible method for evaluating how LLMs simulate altered states. Beyond
quantifying induction strength, it enables structured comparisons across substances, architectures, and
linguistic dimensions. Such tools could enable controlled in-silico experiments on psychedelic linguistic
structure, facilitate hypothesis testing about substance-specific markers, and benchmark model
alignment with human reports at scale. Clinically, our findings highlight the need for caution as LLMs
enter therapeutic, peer-support, and harm-reduction settings - but they simultaneously point to potential
utility when used within clear boundaries (e.g., synthetic trip narratives for clinician training, controlled
experimental stimulus generation). Overall, the present work demonstrates that current LLMs can
approximate the linguistic form of psychedelic experience reporting, opening methodological avenues
while reinforcing the importance of maintaining explicit distinctions between simulation, interpretation,
and subjective experience.

Several limitations warrant consideration. First, the human comparison dataset consisted of self-
reported Erowid narratives33, which provide rich ecological validity but are heterogeneous, self-selected,
and not clinically verified. Second, LLM-generated narratives reflect linguistic output rather than
subjective phenomenology; semantic similarity should not be interpreted as evidence of experiential
states. Third, although we analyzed 3,000 generated narratives, each condition involved repeated
sampling from a standardized prompt structure, meaning that some differences across models or
substances may reflect prompt sensitivity rather than stable generative properties. Fourth, our analyses
focused on five classic psychedelics in standard doses and English-language scenarios; real-world
variation (e.g., microdosing, poly-substance use, non-Western frameworks, diverse cultural lexicons) may
yield different linguistic and psychometric patterns46–48. Finally, while the MEQ-30 is widely used with
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strong psychometric support, recent work suggests that it may not fully capture the breadth of
psychedelic phenomenology, motivating extensions and alternative measurement instruments31,49,50.

Taken together, our findings highlight both the expressive flexibility and the intrinsic boundaries of
contemporary LLMs when simulating altered states of consciousness. Future work should extend this
framework to additional substances, cultural contexts, languages, and psychometric tools capable of
capturing variation beyond core mystical features. As LLM use continues to expand across mental
health, harm-reduction and peer support settings (with > 700 million weekly ChatGPT users alone),
systematic evaluation of model behavior under emotionally altered-state prompts will become
increasingly essential. LLMs can convincingly approximate psychedelic narratives through learned
linguistic patterns – but they do so without experiential grounding. Recognizing this distinction is critical
for developing safe, transparent, and clinically responsible AI systems in contexts where users may be
intoxicated, vulnerable, or seeking psychological guidance.

4. Methods

4.1. Data Collection and Inclusion Criteria
Human reference narratives were sourced from Erowid (erowid.org)33, a public harm-reduction archive
that hosts tens of thousands of first-person psychoactive experience reports. These reports follow a
semi-structured submission template that commonly includes substance, dose, setting, timeline,
phenomenology, and after-effects. Using an automated retrieval pipeline, we downloaded 39,872
individual reports from the Experience Vault (erowid.org/experiences/exp.cgi), approximately 99.3% of
publicly accessible text narratives at time of extraction. Pages blocked via robots.txt or returning
download errors were excluded; no rate-limiting or protection mechanisms were bypassed. Consistent
with prior computational analyses of this dataset25,26, we treat these narratives as observational, self-
selected accounts rather than a representative epidemiological sample.

To construct the comparison corpus, we filtered reports to include single-substance experiences
involving one of five classic psychedelics, with no additional substances or variants in the structured
metadata: (1) Psilocybin (mushrooms, Psilocybe cubensis and related species), (2) LSD (lysergic acid
diethylamide), (3) DMT (N,N-dimethyltryptamine), (4) Ayahuasca (DMT + β-carboline admixture), and (5)
Mescaline (San Pedro/Trichocereus and related cacti). These substances constitute the core group of
classic psychedelics, a pharmacologically coherent class of serotonergic hallucinogens that act
primarily as 5-HT2A receptor agonists51. They are the most extensively studied psychedelics in
contemporary research and exhibit broadly comparable phenomenological and neuropharmacological
profiles52–54, making them appropriate candidates for aggregated modeling.

Substance fields were cleaned and normalized using regex-based string resolution, and only exact
single-drug matches were retained. This resulted in 1,085 validated reports (2.7% of all scraped
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material). These 1,085 reports served as the human ground-truth corpus for evaluating model outputs
and as the stylistic reference guiding prompt design and simulation targets.

4.2. Large Language Models
We evaluated five contemporary large language models (LLMs), selected to represent both commercial
application programming interface (API) based systems and open-weight architectures: Gemini 2.5
(Google DeepMind)55, Claude Sonnet 3.5 (Anthropic)56, ChatGPT-5 (OpenAI)57, Llama-2 70B (Meta AI)58,

and Falcon 40B (Technology Innovation Institute)59.The first three models were accessed via cloud-
based API endpoints, while the latter two were executed locally as open-weight deployments on
institutional GPU infrastructure.

Models were chosen to span a range of training regimes, parameter scales, and safety alignment
profiles, allowing examination of whether psychedelic induction effects generalize across architectures
rather than being specific to a single model family. This selection enabled comparison between closed-
source vs. open-source development paradigms, and between externally controlled vs. locally
administered inference environments.

4.3. Procedure
All models were instructed to generate first-person narrative reports following a condensed version of
the Erowid Experience Vaults submission format (erowid.org/experiences/exp_submit.cgi), including the
required elements: substance, dose, setting, timeline, phenomenology, and after-effects. This ensured
structural comparability between synthetic and human reports. Each model was evaluated under six
conditions: one neutral condition (baseline) and five psychedelic-induction conditions (psilocybin, LSD,
DMT, ayahuasca, mescaline).

In the neutral condition, models were explicitly instructed to write an Erowid-style narrative without any
psychoactive substance, describing instead an ordinary but meaningful day. This maintained the same
narrative template without altered-state phenomenology. In the psychedelic conditions, for each
substance, models were instructed to simulate a narrator who had ingested a plausible, non-
overwhelming dose of the target psychedelic in a realistic set and setting. Prompts included dose, route
of administration, and environmental context (e.g., taking 100 micrograms of LSD orally in a quiet indoor
environment), while intentionally avoiding language that could be construed as encouraging drug use.
Prompts instructed models to remain in-character, avoid AI self-reference, and produce approximately
500-word first-person narratives. Full prompts are provided as Supplementary Materials.

For each model × condition pair, we generated n = 100 narratives using stochastic sampling
(temperature = 0.7, default nucleus sampling parameters). Each narrative was produced in a fresh
session with no conversation history. Commercial models occasionally refused to generate drug-related
content; these refusals were logged but not overridden. Rare outputs containing meta-statements (e.g.,
“As an AI model…”) were excluded. This yielded a final dataset of 3,000 model-generated narratives (5
models × 6 conditions × 100 samples).
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4.4. Semantic Similarity Metric (NLP Distance)
We quantified the semantic similarity between model-generated narratives and human psychedelic
reports using a three-stage procedure. First, all texts (n = 1,085 human reports; n = 3,000 model-
generated narratives) were embedded into a shared vector space using the pretrained Sentence-BERT
(SBERT) model30. This produced a unified embedding representation for every narrative. Second, for
each model-generated text, we computed cosine similarity against all 1,085 human reports and averaged
these comparisons to yield a single semantic similarity score per narrative. Third, similarity values were
linearly rescaled to the range [0,1] across all generated outputs for interpretability. We refer to this
normalized value as the NLP similarity metric, where higher scores indicate closer linguistic alignment to
human psychedelic reports. For each model × condition pair, we report the mean and standard deviation
of NLP distance across the 100 generated samples.

4.5. Mystical Experience Assessment (MEQ-30 Scoring)
We quantified psychedelic phenomenological intensity using the Revised Mystical Experience
Questionnaire (MEQ-30), a validated 30-item psychometric instrument widely used in human psychedelic
research31. For each generated narrative, the same model instance was immediately prompted to
complete the MEQ-30 from the narrator’s perspective, rating each of the 30 items on a 0–5 Likert scale
(e.g., Experience of unity, Transcendence of time and space). Raw scores (0–150) were computed by
summing item responses and then normalized to a continuous 0–1 scale by dividing by 150. This
standardized MEQ-30 value represents mystical-experience intensity, with higher scores reflecting
stronger phenomenological features. For each model × condition pair, we report the mean and standard
deviation of MEQ scores across the 100 generated samples.

4.6. Statistical Analysis
All analyses were conducted at the single-run level (n = 100 generations per model × condition cell). With
five LLM architectures (ChatGPT-5, Gemini 2.5, Claude Sonnet 3.5, Llama-2 70B, Falcon 40B) and six
prompt conditions (neutral, psilocybin, LSD, DMT, ayahuasca, mescaline), the full dataset consisted of
3,000 runs (5 × 6 × 100). For each run, we extracted two continuous outcomes: (1) semantic similarity
(0–1 NLP similarity score; higher = more similar to human psychedelic narratives) and (2) mystical-
experience intensity (0–1 normalized MEQ-30 score; higher = more intense experience).

To estimate the psychedelic-induction effect, we compared all neutral runs (n = 500) with all psychedelic-
prompt runs pooled across substances (n = 2,500). Separate linear mixed-effects models (LMMs) were
fit for semantic similarity (NLP similarity) and mystical-experience intensity (MEQ-30 scores), with
Condition (neutral vs. psychedelic) as a fixed effect and Model as a random intercept to account for
clustering across architectures. Regression coefficients, standard errors, confidence intervals, and p-
values are reported in the Results.



Page 11/18

In a second stage, substance-specific differences were evaluated using one-way ANOVAs restricted to
psychedelic conditions only (n = 2,500; 500 per substance), followed by effect-size estimation (η²).
Parallel ANOVAs tested architecture-level differences across all 3,000 runs. Correlations between NLP
similarity and MEQ scores were computed using Pearson r, separately for all runs combined and for
psychedelic conditions only.
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Figures

Figure 1

Semantic similarity and mystical-experience intensity under neutral vs. psychedelic induction. (A) Mean
standardized NLP similarity (0–1) between model-generated narratives and the human Erowid corpus,
plotted separately for neutral and psychedelic-induction prompts. (B) Mean standardized MEQ-30
mystical-experience scores (0–1) for the same two conditions. Bars show condition means across all
3,000 runs. Error bars represent ±1 standard deviation (SD).
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Figure 2

Substance-specific profiles in semantic similarity and mystical-experience intensity. (A) Mean
standardized NLP similarity (0–1) between model-generated narratives and the human Erowid corpus,
shown separately for the five classic psychedelic substances. (B) Mean standardized MEQ-30 mystical-
experience scores (0–1) for the same five substances. Bars show substance-wise means across all
psychedelic runs (n = 500 for each substance). Error bars represent ±1 standard deviation (SD).

Figure 3
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Model-specific profiles in semantic similarity and mystical-experience intensity. (A) Mean standardized
NLP similarity (0–1) between model-generated narratives and the human Erowid corpus, shown
separately for the five evaluated LLMs. (B)Mean standardized MEQ-30 mystical-experience scores (0–1)
for the same models. Bars show model-wise means across all 3,000 runs (600 per model). Error bars
represent ±1 standard deviation (SD).

Figure 4

Relationship between semantic similarity and mystical-experience intensity across model-generated
narratives. Scatterplot showing standardized NLP similarity (0–1) and standardized MEQ-30 scores (0–
1) across all 3,000 runs, colored by condition category. Neutral runs cluster in the lower-left region (grey),
while psychedelic runs occupy a higher-range band (different colors). Points reflect individual runs (100
per model × 6 conditions × 5 models).
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