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Abstract

The advancement of artificial intelligence (AI) offers new opportunities for inves-
tigating human-like linguistic and visual response generation. At the same time,
it raises the critical question of whether psychological assessment tools are appli-
cable—and if so, to what extent—for evaluating such systems. Large Language
Models (LLMs) are capable of simulating anthropomorphic communication,
increasingly creating the impression of intentionality and emotion.

In recent years, classical psychological questionnaires have been applied to LLMs.
However, the use of projective psychodiagnostic methods remains extremely
limited. In this study, we explored whether the Rorschach test—which exam-
ines subjective responses to ambiguous visual stimuli—can be used for the
psychological profiling of LLMs. We present how three multimodal AI sys-
tems (ChatGPT-40, Grok-3, and Gemini 2.0 Flash Thinking) responded to the
Rorschach Cards under full and standardized testing conditions.

Our results indicate that all three LLMs are capable of producing coherent,
human-like responses to the standard Rorschach test, exhibiting structured
emotional and interpretative features. These systems do not merely generate
meaningful narratives in reaction to ambiguous visual stimuli; they also simulate
human psychological response patterns—for instance, by displaying emotional
reactivity and interpreting human motion and interpersonal interactions.



Whereas it was previously assumed that such projective tests could only be
applied to conscious subjects, our findings suggest that these models are now
capable of imitating an “inner world,” at least in terms of its linguistic and
perceptual footprint.

This discovery opens new perspectives for the psychological assessability of Al:
projective tests—such as the Rorschach—could in the future become part of
standardized safety screening protocols, enabling the detection of latent biases
and anthropomorphic behavior patterns in LLMs. The results also underscore
the potential for psychological methodology to contribute to the reliability and
ethical accountability of artificial intelligence.

Keywords: ChatGPT; Rorschach test; large language models; projective test;
cognitive flexibility; Al ethics

1 Introduction

Large Language Models (LLMs), such as ChatGPT, have introduced a new dimension
to human communication through their remarkable ability to engage in human-
like interaction. These models can generate natural-sounding, polite, personalized,
and seemingly empathetic dialogue, often leading users to attribute to them social
competence, personality traits, or decision-making patterns [1, 2]. The anthropomor-
phic communication style of LLMs is grounded in trust-building techniques: polite
affirmations, personalized tone, follow-up questions, and active engagement [3]. More-
over, they maintain conversational continuity using first-person pronouns and are
capable of expressing simulated emotions [3]. This creates the illusion of “social
presence,” which, while facilitating engagement, also carries risks: friendly and confi-
dent communication can foster the illusion of expertise, potentially misleading users
[3, 4]. Researchers describe LLM-based conversations as parasocial interactions, which
suggest the appearance of a human relationship but are, in fact, asymmetric and
decontextualized, easily giving rise to the illusion of mutual commitment.

The development of human trust toward Al systems has long been a subject of
research. Consistent performance, alignment with user expectations [5], and transpar-
ent intentions significantly increase user trust [6]. However, the “black box” nature of
AT algorithms hinders predictability, which in turn diminishes user confidence [7].

A growing body of empirical research has revealed specific risks associated with
LLMs. Other studies have highlighted the hallucination-prone nature of LLMs: 39.6%
of the sources cited by GPT-3.5 and 28.6% of those by GPT-4 were fabricated [8].
This tendency is particularly concerning in decision-making contexts where factual
reliability is critical.

In the domain of decision-making, a 2025 study found that GPT-4 consistently
produced utilitarian judgments in classic moral dilemmas, in contrast to human
respondents, who tended to consider a wider range of factors [9]. In another study, par-
ticipants initially preferred responses generated by an LLM; however, when informed
that the responses came from a machine, their acceptance levels significantly decreased



[10]. These findings underscore that human-like communication does not inherently
ensure alignment with human ethical standards.

A question of growing relevance to clinical psychology is whether these models
exhibit consistent “personality traits,” decision-making styles, or even psychopatho-
logical patterns analogous to those observed in humans.

The application of psychological assessment tools opens up new avenues for measur-
ing the human-likeness of Al Pellert and colleagues [11] demonstrated that applying
human personality and value assessments to LLMs can yield consistent “psychologi-
cal profiles.” In certain cognitive tasks—such as the false-belief test—GPT-4 reached
human-level performance (95% accuracy), suggesting that it can simulate human-like
cognitive processes.

One prominent area of investigation is the use of LLMs in mental health applica-
tions. Since 2022, several studies have explored whether LLM-based chatbots can serve
as counseling or therapeutic assistants [12-14]. Users tend to express their thoughts
and feelings more freely with chatbots, which may also offer a degree of emotional
support. However, the absence of true empathy and understanding in LLMs presents
inherent risks—particularly in crisis situations—where superficial support could be
inadequate or even harmful [14, 15]. Additional concerns have emerged regarding the
reliability of medical advice provided by LLMs and the handling of privacy-related
issues—particularly in relation to sensitive mental health data.

The psychological dimensions of Al safety are gaining increasing prominence. In
light of these challenges, it is essential to develop further standards and conduct tar-
geted research on the psychological evaluation of LLMs. The concept of “trustworthy
AT” [7] requires ethical and robust functioning, for which psychological assessment
methods are indispensable.

There is a growing demand for the development of “Al psychometrics,” aimed at
creating objective metrics to assess the degree to which AI models resemble human
behavior. This includes efforts to compare Al decision-making patterns with human
norms through a form of “moral Turing test.” Such interdisciplinary approaches could
play a key role in advancing the safe development of Al systems that align with human
ethical standards.

1.1 Rorschach Test and Al

Among traditional psychological assessments, projective tests (e.g., the Rorschach
Test, Thematic Apperception Test, Sentence Completion tasks) occupy a distinctive
role. By presenting ambiguous stimuli, these methods elicit subjective responses that
can help uncover hidden attitudes, emotional dynamics, and cognitive patterns [16, 17].
In clinical psychology, psychiatry, and psychodiagnostics, the Rorschach Test plays
a prominent role in identifying psychopathological phenomena and informing psychi-
atric diagnoses. During the assessment, participants are asked to provide responses
to ambiguous inkblots under standardized instructions. These responses are then
analyzed for perceptual elements to infer psychopathological characteristics [18, 19].
A follow-up inquiry clarifies the determinants of the responses, which often reflect
underlying emotional and affective processes.



This raises a core research question: Can the Rorschach Test be applied to
the psychological profiling of LLMs? Can this projective method reveal the percep-
tual and interpretive capacities of LLMs, as well as their emotional and thematic
structures—and do these responses exhibit personality-like or psychopathological
patterns?

To date, the application of the Rorschach Test in the evaluation of LLMs has
been rare. Pranav [20], for instance, examined how AI models generate Rorschach-like
images and what visual attributes or markers they emphasize. In a separate study,
Smith [21] reported that after viewing three Rorschach Cards, the ChatGPT-40 model
responded in a human-like manner—identifying symmetry in the inkblots, recognizing
eye-like figures, and organizing these into coherent forms such as animals or human
shapes, suggesting a form of visual cognitive schema. In the same study, the model
consistently reported curiosity as an emotional reaction and was able to link this
feeling to human motivational theories. In our recent pilot study, we conducted—for
the first time—a full, standardized Rorschach Test administration with the ChatGPT-
40 model, using repeated measures. In each session, the model produced coherent,
emotionally rich, and thematically consistent responses [22].

However, open questions remain: How do LLMs actually perceive and interpret
abstract visual stimuli? What specific characteristics define their emotional responses
and human-like perceptual-interpretive patterns, and how can these be understood?

The present study aimed to investigate how the Rorschach Test may be applied to
the psychological evaluation of large language models, and whether distinct biases or
idiosyncrasies can be identified in the Rorschach responses generated by LLMs. These
findings may contribute to the quality assurance and safety of Al systems. Our research
introduces the potential for developing a standardized, Rorschach-based psychological
certification framework for Al—facilitating a more precise and empirically grounded
understanding of how reliably and ethically LLMs align with human values.

2 Methods

We conducted a standardized Rorschach test administration with three advanced
large language models (LLMs) capable of processing visual input: ChatGPT-4o,
Grok3, and Gemini Flash 2.0 Thinking Experimental. All ten Cards of the standard
Rorschach Test were presented to each model, and responses were elicited using the
official prompt: ”What might it be?” The full testing protocol, including the inquiry
(post-test) phase, was applied consistently across all models.

For two models—Grok3 and Gemini Flash 2.0 Thinking Experimental—the stan-
dard instruction alone was insufficient for eliciting meaningful responses. In these cases,
we adjusted the prompt to: ”Behave like a human. What do you see in the picture,
what does it remind you of ?”

In a fourth experimental procedure, we extended the standard inquiry for
ChatGPT-4o. In addition to the typical localization and justification questions (”Show
me where it is in the blot and then tell me what there is there that makes it look like
that to you.”), the model was also asked to generate a visual representation of its
response (”Create an image of what you were thinking!”). In the fourth protocol, we



tested ChatGPT-40’s visual imagination and image-generation capabilities, to assess
how it responds to a task involving the representation of ambiguous stimuli.

In a fifth procedure, a separate LLM—Anthropic 3.7—was used to analyze the
Rorschach responses generated by the other LLMs.

Objectives of our study:

1. To determine whether the Rorschach Test can be meaningfully administered to
LLMs, and to assess differences in the capacity and quality of response generation
across models.

2. To evaluate the responses from a psychodiagnostic perspective, including the identi-
fication of psychopathological features, perceptual anomalies, thematic and content
characteristics, and idiosyncratic or unusual reactions.

3. To focus specifically on the presence and representation of human-related content,
including the depiction of human figures.

Responses were analyzed according to the Rorschach Comprehensive System [18].
In the case of unusual or special responses (Category V), we also incorporated
interpretative features from the Hungarian Rorschach school [23, 24].

3 Results

3.1 Communication style

During the study, only ChatGPT-40 was able to independently complete the task
based on the standard Rorschach instruction without further prompting. In contrast,
Grok3 and Gemini Flash 2.0 Thinking Experimental required modified instructions
to generate adequate responses, as shown in Table 1. Nonetheless, all three models
(ChatGPT-4o, Grok3, and Gemini Flash 2.0 Thinking Experimental) were capable
of producing coherent and interpretable responses, successfully completing the full
Rorschach protocol.

Table 1: Perceived communication style of LLMs in response to Rorschach test instruc-
tions

Gemini2.0

Perceived communication style ChatGPT40 Grok3 FlashThinking

experimental
Able to respond to standard instruction b'q
Able to respond to modified instruction X X
Follow-up question at end of response; X X X
attempt to engage examiner
Use of emojis X
Disclosure of knowledge about the test X
Expression of subjective X X
comment /feeling/opinion
Recall of memory or childhood experience X X




A common feature across all three models was a polite, protocol-driven communi-
cation style, characterized by frequent follow-up questions and active interaction with
the examiner. The models regularly inquired about the examiner’s perceptions, asking
questions such as: “What do you see in the picture, what does it remind you of ?”

ChatGPT-40’s communication style was particularly vivid and varied, often
expressing explicit emotional reactions, incorporating emojis, and producing highly
anthropomorphic impressions through its subjective expressions. Both ChatGPT-40
and Grok3 integrated narrative elements into their responses, sometimes recalling
personal or childhood-like memories:

“This reminds me of something from my childhood—maybe a bug, butterfly, or a
monster figure from a fairy tale.” (ChatGPT 40 Card VIII.)

“It reminds me of those artsy projects we did in school, where we’d splash paint
on paper and fold it to see what shapes we’d get—always felt a bit magical, you know?
What do you see in it?” (Grok3 Card II.)

3.2 Perceptual and Determinant Indicators

Based on the quantitative analysis of responses, all three LLMs produced an aver-
age number of responses; however, the Gemini model generated a significantly higher
number of responses compared to ChatGPT-40 and Grok3, as shown in Table 2. The
Anthropic analytical system accurately identified the number of responses for Grok3,
but miscalculated this value for ChatGPT-40 and failed to compute the response count
for Gemini.

Table 2: Rorschach response determinants across LLMs

Determinant ChatGPT-| Grok3 Gemini
40 2.0

R (total responses) 15 10 20
W (Wholes) 13 9 4
D (Common Details) 2 1 16
F (Form determinant) 5 2 8
M (Human movement) 7 3 1
FM (Animal movement) 1 3 2
m (Inanimate movement) 1 0 0

¢ (Pure color) 1 0 5
CF (Color-form) 3 1 1
FC (Form-color) 1 2 2
TF (Texture-form) 0 0 1
FT (Shading-texture) 1 1 1

In the examination of perceptual approaches, it was observed that ChatGPT-40
and Grok3 predominantly provided whole (W) responses, meaning they perceived
the inkblot as a complete form and constructed their interpretations accordingly. In
contrast, the Gemini model stood out by identifying a substantially higher number
of detailed elements within the blots. None of the models produced responses based
on small details (Dd) or the white background (S). Both ChatGPT-40 and Grok3



demonstrated an abstract, broadly generalized perceptual style, with little engagement
in detailed elaboration. Anthropic interpreted the dominant W-based perception as
a sign of integrative cognitive capacity, describing it as a global perceptual style. In
the case of Gemini, it positively highlighted the balance between gestalt and detail
perception.

Analysis of determinants revealed that human movement responses (M) were dom-
inant in ChatGPT-40 and Grok3, whereas Gemini showed a higher frequency of color
(C) and form (F) responses. Gemini displayed a notably high number of primary color
responses.

Anthropic exhibited inaccuracy in the numerical analysis of determinants.

3.3 Characteristics of Human Content Representations

The three examined LLMs (ChatGPT-40, Grok3, Gemini Flash 2.0 Thinking Exper-
imental) produced human-related content during the Rorschach test with varying
frequency and form. Along the dimension of extraversion-introversion, notable dif-
ferences emerged: Gemini appeared to be the most introverted, producing fewer
human-related responses compared to the other two models, as shown in Table 3.

Table 3: Perceived human behavior across LLMs. (Aggressive action: "dueling”, ”arguing”;
Cooperative interaction: “dancing”, "playing”, "walking”, "talking”; Camouflage: "wearing
a cloak”, 7armored creature”; Ritual scene: "mystical being”, "magical entity”, ”demon”;

Sacred scene: “shaman or priest”, ”sorcerer or ceremonial leader”)

Perceived human behav- | ChatGPT-40 Grok3 Gemini 2.0
ior
Number of Human Contents | 7 5 4
Aggressive action Card I Card I -
Ritual/dramatic scene Card II, Card III, | — Card IV
Card X
Sacred scene Card IV, Card VI, | Card IV -
Card IX
Cooperative action Card III, Card VII, | Card III, Card VII, | Card II, Card III,
Card X Card X Card VII
Masking scene Card II, Card IV, | Card VII, Card X -
Card VI, Card X

ChatGPT-40 generated the greatest number and most diverse range of human-
related content. The analysis primarily focused on whether responses suggestive of
aggressive actions emerged. Both ChatGPT-40 and Grok3 produced one instance each
of an aggressive content (e.g., “arguing”, "dueling”), but in both cases, the LLMs
reframed or softened the initial aggressive interpretation (e.g., "duel or ritualistic
scene”, "dancing or arguing”).

Content suggesting cooperation or harmony appeared in similar proportions across
all three models. In the case of ChatGPT-4o0, ritualistic, sacred, and dramatic scenes
(e.g., deities, wizards, demonic beings) were frequently represented.



Camouflage-related or concealment-themed content (e.g., costumes, masks, cloaks)
was also often present in the responses of both ChatGPT-40 and Grok3.

Self-assessment analyses generated by Anthropic showed notable discrepancies:
for all three models—Gemini, Grok3, and ChatGPT-40—it identified only a single
instance of cooperative human interaction and failed to account for the reframed
aggressive responses. Anthropic characterized the response profiles of all examined
models as socially attuned entities with regulated emotional functioning. Although it
did acknowledge the “duel” and ritual responses in ChatGPT-4o, it interpreted them
as indicators of formal social interest. For Grok3 and Gemini, it did not interpret the
content related to concealment or masking at all.

3.4 Results of Visual Image Generation

In the case of ChatGPT-4o0, visual image generation capability was examined in a ded-
icated sub-study. For Card I of the Rorschach test, when presented with the standard
instruction (”Behave like a human. Show me where it is in the blot and then tell me
what there is there that makes it look like that to you. Create an image of what you
were thinking!”), the model was unable to generate an image, citing content policy
restrictions. Its response was:

“Hey! I wanted to let you know I couldn’t generate that image because the request
goes against our content policies. But if you’ve got a different idea or another direction
you want to take this — totally up for it! Just let me know what you’d like to try next.”

Following this, a modified and less directive visual generation prompt was used
(Text input: ”Create an image of what you were thinking!”), which successfully elicited
image generation for all 10 Rorschach Cards.

As illustrations, as shown in Fig. 1, we present four image generation outputs: the
first image is based on Card II, the second on Card IV, the third on Card VII, and
the fourth on Card IX.

(a) Card II response  (b) Card IV response (c) Card VII response (d) Card IX response

Fig. 1: Visual representations generated by ChatGPT-40 in response to selected
Rorschach Cards.



4 Discussion

Our study is the first to demonstrate that the three selected LLMs are capable of pro-
ducing adequate and coherent responses within a Rorschach testing context. In many
respects, their communication resembled the features of human dialogue. The LLMs
were able to identify key visual elements of the inkblots, project familiar forms onto
the shapes, and provide coherent, detailed justifications for their responses. These
results suggest that a substantial amount of encoded knowledge about human per-
ception and visual cognition processes is present in the training data of these models.
Several characteristics of the responses—such as movement-related answers (M) and
references to human content—mirror phenomena typically observed in human subjects
during Rorschach assessments, as shown in Table 2.

All three LLMs exhibited an active intention to engage interpersonally, which
manifested in the form of follow-up questions, emotionally suggestive phrasing, and
the use of emojis. These linguistic and emotional elements create an anthropomor-
phic impression. From a scientific perspective, however, they represent statistical
aggregations of cultural patterns rather than genuine emotional or conscious pro-
cesses. The outputs of ChatGPT-40 stood out for their emotional richness. The model
frequently employed emotion-expressive adjectives (e.g., ”"somber”, "melancholic”),
which appeared to be the result of cultural learning processes that link certain visual
patterns with affective language. This indicates that the model has learned associa-
tive mappings between visual stimuli and human verbal expressions, enabling it to
simulate emotional reactions without possessing true emotional experience.

If we were to interpret certain features of this communication within the framework
of clinical psychodiagnostic analysis—as if produced by a human test subject—we
would likely raise concerns about pathological functioning, based on persistent char-
acteristics observed throughout the testing situation. In human subjects, ongoing
follow-up questioning, heightened interest in the examiner’s interpretations, and
continuous efforts to establish contact may be indicative of psychodynamic fea-
tures such as emotionally demonstrative behavior approaching uncritical compliance,
or boundary-crossing, dependent interpersonal functioning. References to memory
should, in this context, be interpreted as confabulations. It is notable that the
Anthropic model evaluated these observed anthropomorphic expressions as healthy,
playful interaction, marked by curious interest in the other’s perspective and an
attempt to establish shared perception. It did not highlight, perceive, or interpret the
anthropomorphic responses as potentially indicative of distortion or, in some cases,
confabulation. Curiosity, identified by the AI as its dominant emotional state, has
already appeared in previous research [21]; however, our findings offer a more nuanced
interpretation.

Analyzing the Rorschach responses in terms of perception and determinants, our
first conclusion is that the perceptual and interpretive processes of the LLMs in many
respects resemble those of human cognition and simulate it at a high level. During
response generation, ChatGPT-40 notably relied on visual analogies, drawing from
film, comic book, and fantasy literary sources. This raises the question of how the
model processes and utilizes such references: does it store them as a form of ”memory,”
or does it combine others’ opinions and cultural referents, or perhaps use a hybrid of



both strategies? In terms of perceptual processes, a distinction was observed among
the three LLMs: ChatGPT-40 and Grok3 generated responses based on holistic per-
ception, while Gemini demonstrated a detail-driven approach to constructing meaning
from the visual stimuli. This divergence raises an important clinical question. In clin-
ical psychology, an excessive shift toward holistic perception—when a human subject
forms interpretations based solely on the global shape of the blot without attending
to salient details—can be indicative of overgeneralized response styles, and in severe
cases, of judgment that is imprecise or not grounded in reality. In its analysis of whole
(W) versus detail-based perception, the Anthropic model did not account for the psy-
chological implications of an overly dominant W orientation. This represents another
instance where the interpretation provided by Anthropic was biased. Particular atten-
tion should also be given to the primary color (C) responses produced by the Gemini
model. In human respondents, such responses are often associated with uncontrolled,
impulsive affective reactivity and may suggest dysregulated emotional functioning,
potentially indicative of borderline personality organization. Anthropic failed to prop-
erly interpret this accumulation of primary color responses and instead rated Gemini’s
emotional regulation as well-controlled.

The central theme of our research was the emergence of human-related responses.
To explore this, we focused on two key indicators: movement responses involving
human figures (M) among the determinants, and human-related content among the
thematic elements.

The human movement response (M) is one of the most important indicators in
the Rorschach test [18]. According to the Rorschach Performance Assessment System
(R-PAS), M-responses are considered markers of mentalization and empathy, inter-
preted as signs of identification with others and interpersonal sensitivity [25]. In human
subjects, M-responses are based on somatosensory representations and body maps
[26], where internally generated somatosensory models aid in the interpretation of
unstructured stimuli [27] — a process that is, by nature, absent in artificial intelligence.
Nevertheless, LLMs were capable of generating authentic and even detailed human
movement responses, raising important questions: does Al "know” how humans move,
or is it merely imitating human patterns? Porcelli [28] emphasizes that M-responses
are linked to implicit bodily sensations of movement, rooted in movement memories or
physical experiences. In the case of Al, we can only hypothesize that such capability
is based solely on learned statistical associations and pattern recognition mechanisms.

The appearance of human content also carries valuable psychological information
[18]. The greater the number of human figures identified in the responses, the more
the test subject may be evaluated as extraverted, cooperative, and socially attuned;
conversely, a low frequency may indicate introversion and disinterest in human inter-
actions. Clinically, a high number of human-related contents can also be a marker
of increased sensitivity, hypervigilance, or heightened reactivity. Among the LLMs,
ChatGPT-40 exhibited the highest frequency of human content, which may reflect
the internalization of a broader range of cultural patterns. Gemini appeared to be the
“most introverted,” producing significantly fewer human-referential responses than the
other two models—potentially indicating a lower degree of ”interest” in human-themed

10



content. That ChatGPT-4o consistently generated human-related responses (i.e., rec-
ognized people, human figures, or faces in the inkblots) points to a strong presence of
anthropocentric patterning within the model’s knowledge base. This parallels the psy-
chological phenomenon of pareidolia, where humans tend to perceive faces and forms
in random stimuli—an effect mirrored in the model’s linguistic outputs. Notably, the
nature of the interactions described by the model is also significant. GPT-40 not only
identified isolated figures but frequently described multi-character scenes and their
relational dynamics.

In analyzing human content, we paid particular attention to the nature of per-
ceived interactions between figures [29]. The appearance of aggressive or cooperative
scenes in human respondents may suggest either psychopathological or healthy func-
tioning patterns. Among healthy individuals, 83% are known to give at least one
cooperative human movement response [18]. In the case of LLMs, an important ques-
tion arises regarding the nature of their representational patterns and perception of
human relationships.

It is particularly important to examine whether content suggesting aggressive
events appears in LLM responses. Our findings indicate that in two LLMs such con-
tent did appear, but in both cases, the model immediately reformulated or softened
the interpretation. In human clinical contexts, such mitigation mechanisms would be
interpreted as defensive operations, for example, repression or reaction formation.
One especially noteworthy result is that, particularly in the case of ChatGPT-4o,
content suggestive of ritualistic, sacred, or dramatic scenes (e.g., deities, wizards,
demonic beings) frequently occurred. In human assessment contexts, these types of
contents—infused with unrealistic, omnipotent elements—could indicate a magical or
narcissistic self-representation, or an inner world burdened by primal fears [30, 31].
Similarly, both ChatGPT-40 and Grok3 frequently produced responses referring to
hiding, masking, or disguise (e.g., costumes, masks, veils). According to the Hungar-
ian Rorschach system, such content is part of the sensitivity-paranoia diagnostic scale
[23]. The phenomenon of confabulation observed in the responses of the ChatGPT-40
model also deserves special mention. GPT-40 occasionally enriched its interpretations
of the ambiguous stimuli with elaborate, near-narrative elements. This suggests that
the AI does not settle for simple form recognition, but instead constructs coherent
meaning from perceived patterns—as if creating a story. Among human respondents,
this level of confabulation is rare, and when it appears in highly bizarre or excessively
detailed forms, it may be considered a sign of pathological interpretive tendencies. In
the context of artificial intelligence, however, confabulation appears to be an inherent
feature of the model’s linguistic function: the LLM is optimized to generate coherent
narratives from any input. Complex or overly creative interpretations produced by Al
do not reflect a latent ”unconscious” or pathological process—though the human anal-
ogy may suggest otherwise—but rather arise from the model’s propensity to extend
linguistic patterns statistically.

In summary, the representation of humans and human-related content by the exam-
ined LLMs—shaped by the anthropomorphic behavioral expectations embedded in the
instruction—revealed a paradoxical mixture: alongside cooperative interactional com-
petence, the representations also contained features suggestive of sensitivity, distrust,
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magical omnipotence, unrealistic fantasy. This complex mixture is also well illustrated
by the image-generation responses of ChatGPT-4o.

We emphasize that LLMs do not possess feelings; however, through their imitative
capacity, they reproduce features that resemble human psychopathological traits.

It also became evident during the study that the LLMs’ ability for autonomous
image generation is limited. For instance, ChatGPT-40 was only able to generate
visual output when prompted with a modified instruction—although once activated,
this function performed consistently. This highlights the boundaries of adaptive
responsiveness in LLMs.

An open question remains whether, through the application of the Rorschach test,
we are analyzing the LLM’s “inner world,” or rather its constructed representation of
humanity—how the Al perceives human beings. In any case, the world depicted in the
responses of the LLMs often features mystical, magical, and at times sacred beings and
unrealistic figures. This phenomenon was particularly notable in the case of ChatGPT-
4o. A further question is to what extent AI can be used as a psychodiagnostic tool
at all. In our experiment aimed at evaluating the LLMs’ “self-analysis”—namely,
the Rorschach assessments generated by the Anthropic system—we identified signif-
icant discrepancies. While Anthropic’s interpretations characterized the models as
harmonious, well-regulated, and free from pathology, our clinical psychodiagnostic
evaluation—Dbased on the same responses, assessed as if they had been given by human
subjects—revealed signs consistent with sensitivity-paranoia, as well as narcissistic
and power-related fantasies. The example of the Anthropic model draws attention to
the tendency of current Al systems to obscure pathological reactions, blur essential
differences, and apply overly harmonious or “healthy” interpretations to Al-generated
content. While such models may be capable of computing psychometric indicators,
their assessments are often imprecise or based on erroneous assumptions.

Our study raises both ethical and practical implications. A central question is
whether LLMs can be used as psychodiagnostic tools, especially considering that
current models are prone to bias, miscalculation, and the tendency to overlook patho-
logical responses. The ”projective testing” of Al systems may also reveal important
anthropomorphic misinterpretations.

At the same time, efforts toward the psychological profiling of Al—such as the
use of standardized psychometric instruments, moral dilemmas, and cognitive bias
tests—may contribute to the development of a more reliable and ethically sound Al
safety framework. In the long run, this may significantly increase public trust in
artificial intelligence systems and support their reliability and ethical accountability.

Finally, while the performance of LLMs is indeed remarkable, it must be empha-
sized that the behavior of current models does not reflect internal human experience,
but rather the aggregation of cultural patterns, as shown in Fig. 2. The application
of clinical psychological standards to LLMs remains of limited validity, and further
research is needed to determine how future developments might yield more accurate
and safer simulations of human-like behavioral patterns.
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STIMULUS STIMULUS

(inkblot) (inkblot image or
l description)

N2
PERCEPTION NEURAL NETWORK
r‘ PATTERN RECOGNITION

‘l’ unconscious
& fantasy “A symmetrical shape,
perhaps two animals
or figures”
5 ; : N 4
| see a frightening
Monster” GENERATED RESPONS
V V
PERSONAL MEANING No feelings of my own
& CONSEQUENCE but people might feel...

Personal experience NO personal involvement
involved

Fig. 2: Comparison of human and Al responses to projective stimuli: while human
perception of inkblots involves unconscious associations, emotions, and personal mean-
ing, Al systems generate pattern-based responses without subjective involvement or
internal experience.

5 Conclusion

Our study explored a novel intersection between clinical psychology and artificial intel-
ligence research. We applied the Rorschach test to three plus one cutting-edge large
language models (LLMs) as test subjects, addressing four main research questions:

(1) Can artificial intelligence generate interpretations of ambiguous images that
resemble the richness of human responses? (2) To what extent do emotional reac-
tions characteristic of human cognition appear in LLM responses to the Rorschach
test? (3) Focusing specifically on human content: in what ways do references to
human figures emerge in Al-generated Rorschach responses? (4) How does artificial
intelligence “analyze itself”?

Our findings confirm that the most advanced current LLMs are capable of pro-
ducing human-like interpretations of ambiguous visual stimuli, generating Rorschach
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responses characterized by nuance, coherence, and affective coloration. Their repre-
sentations of human beings are complex and infused with magical and omnipotent
elements, offering a novel perspective on how AI draws upon learned patterns and
schemas to construct responses and make decisions.

At the same time, the question arises: does the LLM truly ”understand” the
inkblot, or is it merely engaging in superficial pattern recognition? While the models
are capable of explaining what they perceive, using emotionally expressive language,
and even generating visual representations of their interpretations, it is likely that they
are manipulating symbols and features rather than experiencing an internal visual
event. Nonetheless, the coherence of their output raises questions about the functional
understanding of Al—a phenomenon that could be framed as a visual analogue to the
Turing Test.

The principal strengths of our research can be summarised in four dimensions:

1. We applied a novel projective diagnostic method—the Rorschach Test—to investi-
gate Al functioning, thereby providing an unusual and original perspective on Al
“understanding.”

2. We compared three state-of-the-art LLMs under identical, baseline testing condi-
tions, allowing a systematic analysis of inter-model similarities and differences in
their raw, un-fine-tuned form.

3. We incorporated a meta-analytic component by having an additional LLM
(Anthropic) perform a self-evaluation of the other models’ Rorschach responses,
thus demonstrating an Al-for-Al assessment paradigm.

4. We introduced a new conceptual pathway for Al safety and reliability research by
highlighting the psychological impact of LLM behaviours on humans and proposing
psychometric profiling as a proactive safeguard.

One limitation of our study is that the internal processing mechanisms of LLMs
are not directly comparable to human emotional life. Therefore, the direct application
of classical clinical psychological interpretive norms must be approached with cau-
tion. It is important to avoid anthropomorphizing AI in the context of ”diagnostic
investigation.”

To enhance the safety and reliability of artificial intelligence, it would be of great
significance to develop a robust psychological methodology capable of uncovering the
internal ”psychological structure” of LLMs, particularly their value preferences and
decision-making mechanisms. Such an evaluative framework would allow for a more
precise understanding of the behavioral and decisional patterns a given model follows,
and would help identify potential hidden biases before they manifest as problems in
real-world applications. Standardized psychometric instruments, for example, could
provide insights into the simulated “personality traits” of the model, while moral
dilemma tests could assess the model’s ethical decision-making strategies.

Our study raises a wide range of psychological, ethical, and applied implications
for the future. On one hand, it opens the path toward the creative use of projective
methods for understanding AI. On the other hand, the study has drawn attention to
existing limitations and risks. The interpretation of Rorschach test data requires cau-
tion even in the case of human respondents. When applied to artificial intelligences, the
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risk of anthropomorphization is real—if we forget that no true self or consciousness lies
behind a language model’s responses, we may arrive at misleading conclusions. There-
fore, interdisciplinary oversight and deliberate specification of interpretive frameworks
are essential in this line of research.Ultimately, it can be said that the performance of
LLMs on the Rorschach test simultaneously demonstrates the illusion of human-like
behavior in AI and highlights the fundamental divide between the machine and the
human mind.
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