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I n psychiatric assessment, interviews are lengthy, verbal content is 
rich, and diagnosis relies largely on the clinical interview. Beyond its 

information-gathering function, the psychiatric interview also serves 
a therapeutic purpose. Psychiatrists must perform these functions 
simultaneously while also turning the interview into a clinical record, 
creating both time pressure and cognitive burden.

In general medical practice, AI-based tools that convert speech to text 
during interviews and generate draft clinical notes are rapidly gaining 
adoption in order to reduce the burden of clinical documentation (1,2). 
Early results are promising: one study reported a 41% reduction in after-
hours documentation time and a 53% increase in professional satisfaction 
scores (1), while another found that 78% of clinicians reported a decrease 
in cognitive load during interviews (2). However, several gaps must be 
carefully addressed before these tools can be meaningfully integrated 
into psychiatric practice (3). These gaps are particularly evident in four 
areas.

Integration into Clinical Practice
The majority of existing evidence on AI note-taking tools focuses on 
process indicators such as clinician satisfaction and time savings, while 
data on how these tools affect clinical decision-making remain limited. 
In a study providing important data on this topic, Castro et al. examined 
more than 20,000 clinical notes from primary care annual wellness 
visits (4). Although neuropsychiatric symptom documentation was 
significantly more detailed in AI-generated notes, there was no increase 
in rates of depression diagnosis, antidepressant prescribing, or referral 
to a psychiatrist among primary care physicians. In other words, more 
detailed records did not change clinical decisions. This finding suggests 
that evaluating AI tools in clinical practice requires going beyond 
documentation quality alone and examining how they shape, constrain, 
or fail to influence clinical decision-making.

This interaction is particularly critical in psychiatry: the selection process 
between what the patient reports and what the clinician deems worth 
recording is diagnostic reasoning itself. Indeed, initial experiences in 
psychiatry have shown that AI tools can successfully capture patient 
history but that the psychiatrist’s active contribution remains essential 
in sections requiring clinical judgment, such as the mental status 
examination and treatment plan (5). Therefore, prospective studies that 
also encompass patient outcomes are needed to understand the impact 
of AI tools on psychiatric practice.

Highlights
•	 AI-assisted note-taking tools have the potential to 

reshape clinical practice.

•	 Their effectiveness in psychiatry remains insufficiently 
studied.

•	 Validation studies lack content accuracy and critical error 
differentiation.

•	 Cultural expressions in non-English languages may not be 
adequately recognized.

•	 Local and auditable infrastructures offer advantages for 
sensitive psychiatric data.
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Gaps in Validation Studies
The performance of AI note-taking tools has so far been evaluated mostly 
in terms of structural features and overall text quality (6). However, 
another critical point is whether the information actually stated during 
the interview is accurately reflected in the note. In a study by Gülegen et 
al. (7) on psychiatric interviews, AI-generated notes contained more detail 
than notes produced by humans but fell behind in accurately reflecting 
the actual interview content. This demonstrates that a note appearing 
formally complete does not necessarily mean its content is accurate.

Several methodological issues warrant attention here. First, defining 
a single correct note in psychiatry is difficult; inter-rater agreement 
is relatively low (8). In this case, the reference standard itself becomes 
uncertain, making it difficult to determine whether errors originate from 
the system or the reference. Second, the distinction between fabricated 
information and omitted findings carries different clinical consequences 
in psychiatry; the risk of erroneously adding a symptom is not the same 
as missing a suicidal thought. Third, a significant proportion of existing 
studies are conducted with structured scenarios; ecological validity 
conditions such as patients using unusual expressions or interweaving 
multiple complaints have not been tested. Additionally, a recent study 
comparing the performance of different automatic speech recognition 
(ASR) platforms in psychiatric sessions showed notable accuracy 
differences across platforms, particularly in speaker diarization (9). 
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Addressing these gaps is a prerequisite for the safe use of AI tools in 
psychiatry.

Language and Cultural Barriers
The majority of AI note-taking tools have been developed and validated 
on English-language clinical data. Yet a large proportion of the world’s 
population receives healthcare services in languages other than English. 
Agglutinative languages (such as Turkish, Finnish, Hungarian, Japanese, 
and Korean) pose specific challenges for ASR systems: ambiguity at 
word boundaries, the meaning-modifying function of suffixes, and the 
blending of clinical terminology with everyday language can increase 
word error rates. For example, studies on Turkish ASR have shown that 
error rates remain high without fine-tuning and that language-specific 
optimization is essential (10).

There is also a marked disparity in terms of clinical natural language 
processing (NLP) resources. While comprehensive clinical datasets 
and evaluation benchmarks exist for English, comparable resources 
are unavailable for the vast majority of non-English languages (11). 
Furthermore, culture-specific modes of expression constitute an 
additional layer beyond the language barrier. The expression of emotional 
distress through somatic terms or cultural idioms of distress may not be 
recognized or may be misclassified by models trained on English clinical 
data. Although these risks have not yet been directly tested in psychiatric 
note generation systems, existing language technology research suggests 
that such vulnerabilities are plausible.

Data Security and Local Processing
The majority of commercial AI note-taking tools use cloud-based 
large language models (LLMs). This means that psychiatric interview 
content, including highly sensitive information such as suicidal thoughts, 
substance use, sexual life, and domestic violence, is transferred to external 
servers. The European Union General Data Protection Regulation (GDPR), 
Türkiye’s Personal Data Protection Law (KVKK), and equivalent regulations 
in many other countries impose strict limitations on the transfer of health 
data abroad.

As a technical solution to this problem, the approach of running 
open-source LLMs on institutional hardware is becoming increasingly 
feasible. The feasibility of this approach in clinical text generation has 
been demonstrated in studies on local processing of patient data in 
oncology (12) and de-identification of clinical records (13), and similar 
studies are also needed in psychiatry. Moreover, since the performance 
variability associated with version updates of cloud APIs can threaten 
the reproducibility of research results, local processing also emerges as a 
strong option in this regard.

Conclusion and Recommendations
When the gaps discussed above are considered together, the priority 
needs of the field can be summarized as follows:

1. Prospective studies that go beyond clinician satisfaction and time 
savings to also evaluate patient outcomes

2. Validation studies that include accuracy measurement at the level of 
clinical information elements, supported by inter-rater agreement, and 
distinguish safety-critical domains

3. Independent verification studies conducted in non-English languages 
under real clinical conditions

4. Local and auditable system architectures that safeguard data security 
and research reproducibility.

AI-assisted clinical documentation tools are among the first AI 
applications likely to directly affect psychiatric practice in the near future 
(5); however, realizing this promise safely in clinical practice depends 
on independent studies that take into account the unique conditions of 
psychiatry.
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