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ABSTRACT:

INTRODUCTION

Background: Psychodynamic psychotherapy relies on
meaning-making through subjectivity, unconscious
processes, symbolic interpretation, and the therapeutic
relationship. As artificial intelligence (Al) tools enter
mental health settings for documentation and language-
based support, they raise conceptual and ethical
challenges. Al systems can produce text resembling
clinical interpretation despite lacking consciousness,
symbolic understanding, or relational awareness,
creating risk of misattributing clinical judgment to non-
sentient systems. Objective: To provide a clinician-
oriented framework explaining how Al generates
clinically plausible outputs and how this differs from
psychodynamic meaning-making. Methods: Conceptual
illustrations using simplified computational models
(linear regression, principal component analysis, neural
networks, and language models) with synthetic datasets
and psychodynamic analogies. No patient data were
used. Results: Al models organized complex inputs into
clinically recognizable patterns through statistical
optimization and error minimization rather than
understanding or intention. Conclusions: Al can mimic
clinical reasoning but remains fundamentally non-
interpretive. In psychodynamic practice, the primary risk
is projection of meaning onto probabilistic outputs. Al
may assist organization but cannot replace clinical
judgment or ethical responsibility.

Artificial intelligence (Al) is increasingly used in mental health care for documentation, monitoring, risk prediction, and digital
therapeutics. Large language models can generate text that resembles clinical reasoning, psychotherapy summaries, and
empathic responses. While these developments have generated excitement, they have also raised concern among
psychodynamic clinicians about how Al systems function and whether their outputs represent genuine understanding.
Psychodynamic psychotherapy relies on meaning-making through subjectivity, symbolic interpretation, and the therapeutic
relationship—processes that cannot be reduced to computational rules. In contrast, contemporary Al systems produce outputs
through statistical pattern recognition and probabilistic inference rather than intention or symbolic understanding. Without a
clear conceptual framework, clinicians may oscillate between algorithmophilia (over-attributing insight to Al outputs) and
algorithmophobia (rejecting potentially useful tools). This work proposes a clinician-oriented framework to clarify these
differences and support informed, ethically grounded engagement with Al.

METHODS:

This study used a conceptual, illustrative approach to help psychodynamically trained clinicians understand how
contemporary Al systems generate outputs. Rather than evaluating a specific tool, simplified computational examples
were used to demonstrate core machine-learning processes and contrast them with psychodynamic meaning-making.
Illustrative models included principal component analysis (PCA), linear regression, simple neural networks, and
conceptual examples of language model text generation. Synthetic datasets were created solely for didactic purposes;
no real patient data were used. Each computational method was paired with psychodynamic clinical analogies (e.g.,
pattern recognition, interpretive revision, thematic identification) to clarify superficial similarities and fundamental
differences between statistical optimization and psychodynamic processes such as interpretation, affective attunement,
and transference. The goal was to improve conceptual interpretability and ethical awareness when clinicians encounter
Al-generated material in mental health contexts.

ILLUSTRATIVE ANALYSES:
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Figure 1. PCA biplot of psychoanalytic interventions and patient responses. Six emotional response variables are reduced
to two orthogonal dimensions: PC1 (Constructive vs. Defensive Outcome; 58.6% variance) and PC2 (Emotional Arousal;
38.9% variance). The plotillustrates distinct clinical profiles across interventions, with, for example, Clarification
associated with high emotional arousal but an intermediate position on the constructive-defensive continuum.
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interventions—Interpretation, Clarification, Confrontation, and Praise—and six patient responses
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SPEECH RECOGNITION AND PREDICTION:
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As a sentence is generated in an autoregressive model, each word
contributes to a trajectory through this space. The resulting vector
representation of the context then points toward the next most
probable word, guiding the model’s prediction of the next token
predicting Freud’s famous quote “Sometimes a cigar is just a cigar.”

Discussion:
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Al will increasingly influence psychiatry
and medicine.

*Key Al concepts can be explained in
accessible terms to psychotherapists.

*Psychotherapy expertise is largely
transmitted through tacit knowledge and
supervision.

Al may help study mechanisms of
psychotherapy and preserve
psychoanalytic knowledge if experienced
clinicians contribute.
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