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Abstract

This paper describes a fully local, privacy-
preserving intelligent system designed to assist in
clinical psychology practice. The system auto-
matically transcribes therapy sessions performing
speaker attribution. Beyond transcription, the tool
enhances clinical reasoning by detecting cognitive
distortions and emotional patterns utilizing spe-
cialized deep learning classifiers and Large Lan-
guage Models (LLMs). By guiding an LLM locally
through a multi-step analysis process, the assistant
synthesizes the enriched data and generates a se-
ries of analysis reports and clinical documentation
of the session. As a result, the assistant reduces the
administrative burden on professionals while pre-
serving privacy with an edge computing approach
in which the data never leaves the therapist’s de-
vice. Finally, the assistant uses human-in-the-loop
validation so that the professional always remains
in control, ensuring clinical accuracy and trust.

1 Introduction

Psychotherapy requires establishing a therapeutic alliance
with the patient while properly monitoring their emotional
and cognitive progress [Wampold and Imel, 2015]. To
achieve this, professionals rely on clinical notes and docu-
mentation to help them maintain continuity across all their
patients’ sessions, but the time burden of creating and review-
ing it is so high [Schwartz-Dillard et al., 2024; Shanafelt et
al., 2016] that it leads to professional burnout. As a result,
session data is often not collected or used for in-depth anal-
ysis; or it consumes valuable time that could otherwise be
spent on patient care.

While Large Language Models (LLMs) currently offer ex-
cellent capabilities for natural language processing and skills
such as information extraction and synthesis [Brown et al.,
2020], data sensitivity and privacy requirements in mental
health care have slowed their adoption by professionals. Most
solutions are cloud-based, mainly due to the large computa-
tional resources required by large models. Using these solu-
tions is incompatible with strict data protection frameworks
such as GDPR [European Parliament and Council of the Eu-
ropean Union, 2016]. In addition, general-purpose models

do not have the training or skills necessary for the tasks re-
quired in this field, such as the detection and understanding of
cognitive distortions, which requires expert level skills [Beck,
1976]. For all these reasons, the adoption of such tools in pri-
vate clinical settings remains limited.

To address these challenges, we propose an intelligent as-
sistant for clinical psychology practice that preserves privacy
through an edge computing approach. The system operates
entirely locally on the therapist’s device, performing the dif-
ferent tasks necessary to alleviate the administrative burden
on professionals.” To do this, it transcribes the session with
speaker attribution while analyzing it in real time. From this
analysis, the assistant obtains structured information enriched
with the detection of cognitive distortions, emotions, and con-
versation topics, which it then uses to generate reports and
documentation. Finally, rather than replacing clinical judg-
ment, the assistant relies on a human-in-the-loop validation
mechanism that ensures security and control by the therapist.
In this way, this tool enhances clinical analysis while reduc-
ing the workload of professionals and ensuring security and
trust.

2 System Architecture

The system architecture consists of the three modules ex-
plained below to provide the assistant with the necessary ca-
pabilities to capture the session, analyze it, and generate clin-
ical documentation.

2.1 Real-Time Transcription Module

The Real-Time Transcription Module is designed to collect
the session data. It is therefore responsible for transcrib-
ing the session with speaker attribution. To do this in real
time, we combine three components. First, a voice activity
detection model [Silero Team, 2025] detects when someone
is speaking. Next, a speaker recognition model [Ravanelli et
al., 2021] compares the embedding of each audio fragment
to a pre-recorded sample from the therapist. Each fragment
is then assigned to either the therapist or the patient based on
similarity to the reference. Finally, a Whisper model [Rad-
ford et al., 2023] produces the transcription of the audio con-
tent. This operating scheme allows detecting and sending the
patient’s messages during the session to the analysis module
as they occur, saving post-processing time.
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2.2 Cognitive Analysis Module

The Cognitive Analysis Module receives the transcribed mes-
sages from the patient as input to perform an analysis of each
one and enrich the information. To detect and recognize
cognitive distortions, the system uses a combination of two
RoBERTa Large models [Liu et al., 2019] that we have fine-
tuned on CODIPAD, a novel expert-annotated dataset built
for this purpose [Pico et al., 2025]: (1) a Binary Filter that
distinguishes between neutral discourse and discourse influ-
enced by distorted thinking; and (2) a Fine-Grained Classi-
fier that discriminates among ten specific cognitive distortion
categories. This approach enhances general precision and
mitigates false positives. At the same time, the emotion of
the messages is recognized using the pre-trained EmoBERTa
model [Kim and Vossen, 2021], while conversation topics are
identified locally using Gemma 4 E2B LLM [Google, 2026]
guided by prompt.

2.3 Clinical Report Generation Module

The Clinical Report Generation Module receives all the in-
formation from the previous modules once the session has
ended. A first layer is responsible for aggregating all the data
obtained, both the transcribed messages and the augmented
information from the classifier models. It extracts and struc-
tures all combinations of emotions and themes with cogni-
tive distortions to ground the model’s reasoning in the next
step. This contextualized data is then used by an LLM run-
ning locally, Gemma 4 E4B [Google, 2026], which is guided
to perform different concatenated tasks to synthesize and an-
alyze the session based on what has been detected and the
patterns extracted. The result of these tasks is in turn syn-
thesized and combined for the final construction of reports
and clinical documentation. This multi-step reasoning pro-
cess, based on the information detected in the previous step
by specific models, minimizes the risk of hallucinations and
ensures a comprehensive final result consistent with the ag-
gregated session data.

3 Clinical Workflow Integration

The developed application utilizes the system architecture de-
tailed in the previous section_ to provide the therapist with a
set of functionalities to enhance clinical analysis and alleviate
the documentation burden.

3.1 Real-Time Cognitive Monitoring

During the session, the system displays the real-time analy-
sis of the patient’s interventions. This immediate feedback
allows the therapist to remain fully present while having a
support system that monitors patterns that might otherwise
be overlooked.

3.2 Automated Documentation

When the session ends, the application automatically ana-
lyzes it and generates reports and documentation: (1) a Clini-
cal Note drafted in a standardized format like BIRP or SOAP;
(2) an Emotional-Cognitive Report detailing the cognitive
distortions detected along with emotion and topic patterns
and triggers; and (3) Inter-Session Exercises personalized for
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Figure 1: Real-Time Cognitive Monitoring. The interface dis-
plays the live session transcript with instantaneous speaker attribu-
tion. Detected cognitive distortions and emotions are visualized in-
stream.
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Figure 2: Automated Documentation Generation. The screenshot
displays the Analytical Emotional-Cognitive Report. The inter-
face also integrates the generated Clinical Note and suggested Inter-
session Exercises.

the patient that match the patterns identified and come from a
set configured by the therapist. It is important to note that the
Clinical Note is fully editable, so the therapist already has a
first draft that they can revise and expand or adjust as needed.
As for the analytical reports, their content also remains under
the professional’s control through the interactive validation
mechanism detailed in the following subsection.

3.3 Human-in-the-Loop Validation

To ensure clinical safety and trust, the “Validation View”
presents the professional with the list of patient messages in
which cognitive distortions have been detected. These mes-
sages are sorted by distortion category, and the professional
can click on the one they want to review to display the con-
versation fragment from the session. The therapist can then
confirm the classification, change it by selecting a different
distortion from the list, or indicate that the message does
not contain distorted thinking. This “Human-in-the-Loop”
design allows the professional to refine the system’s results.
When this interaction is complete, the application regenerates
the clinical reports, ensuring accuracy and reflecting expert
judgment.
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Figure 3: Human-in-the-Loop Validation. Therapists can audit and
correct Al-detected patterns in context to ensure accurate, safe final
documentation.

3.4 Longitudinal Patient Dashboard

Beyond capturing session data, it is important to be able to re-
view it quickly and easily. Therefore, the application provides
therapists with a comprehensive overview of the patient’s his-
tory. All of the patient’s clinical information is aggregated to
show visual metrics and insights, such as the patient’s pre-
dominant emotional and topic patterns over time. To further
analyze the patterns and triggers, the interface also allows the
professional to filter the data to show those that occurred in
messages with distorted thinking. From here, the professional
can access the reports generated for each session, but also has
a micro summary to recall the context of each session. Fi-
nally, using the aggregated information and summaries, the
assistant synthesizes the patient’s evolution throughout the
different sessions, helping to identify long-term trajectories
and patterns.

3.5 System Customization and Calibration

The application has been designed to be adaptable to the pro-
fessional with a customization section. The first thing the
therapist must do before integrating the tool into their daily
routine is to configure it. This begins with a system require-
ment: recording a sample of their voice so that the speaker
recognition system can use it to attribute the dialogue to the
correct speaker in the transcripts. To suit their documentation
preferences, therapists can choose from several standardized
templates for clinical notes. Finally, they can edit the list of
tasks and therapeutic activities from which they want the sys-
tem to select suggestions for the patient after each session.

4 Preliminary Expert Evaluation

To assess the clinical utility of the assistant, we conducted
a pilot evaluation with two licensed clinical psychologists.
To do this, we showed the experts a demonstration of how
the application works. Then, the experts provided qualitative
feedback and rated a series of statements on a 5-point Likert
scale (1: Strongly Disagree, 5: Strongly Agree). In terms of
privacy, both psychologists gave the highest score to the fact
that processing data entirely on-device was a decisive factor
for their trust and adoption. Automatic documentation was
also highly valued, as both gave the maximum score to the

fact that clinical notes are generated with a structure and con-
tent suitable for use, and both considered that it would reduce
the time they spend on documentation. While the experts
showed variance on whether the automated distortion report
helps to detect overlooked patterns, both positively assessed
these resources as an effective support resource for clinical
practice and also positively assessed the longitudinal patient
dashboard for revealing valuable patient progress insights that
are difficult to capture with traditional documentation meth-
ods. However, Human-in-the-loop validation received mixed
ratings. One expert’s qualitative feedback warned that man-
ually verifying Al detections could limit the time-saving po-
tential offered by the assistant. Regarding the suggestions for
Inter-Session Exercises, both experts concurred in remaining
neutral, which possibly indicates a preference for maintain-
ing total control over therapeutic interventions. Despite these
concerns, the experts indicated that they would adopt the tool
in their clinical practice, giving the highest rating for adop-
tion.

5 [Ethical Considerations

The deployment of Artificial Intelligence in mental health de-
mands rigorous adherence to ethical standards, particularly
regarding patient privacy and clinical safety. The proposed
Al-based assistance system has been designed to comply with
the ethical, legal, and security requirements established by
the European AI Act [European Parliament and Council of
the European Union, 2024] and the General Data Protection
Regulation (GDPR) [European Parliament and Council of the
European Union, 2016]. In accordance with the Al Act, the
system is classified and developed as a high-risk Al appli-
cation and incorporates human oversight and transparency to
ensure reliable clinical support without replacing professional
judgment. This Human-in-the-Loop mechanism serves as a
guardrail, ensuring that final clinical responsibility and au-
thorship remain exclusively with the qualified professional.
GDPR compliance is ensured through data protection by de-
sign, including explicit patient consent, purpose limitation,
data minimization, data encryption, and secure access con-
trol. These measures ensure that the system respects funda-
mental rights, patient safety, confidentiality, and ethical prin-
ciples while enabling responsible and trustworthy use of Al
in clinical psychological practice.

6 Conclusion

This paper presented an intelligent assistant that automates
documentation and analysis tasks in mental health care with-
out compromising data privacy. This is achieved by run-
ning deep learning models and LLMs locally, ensuring that
data never leaves the therapist’s device. In addition, the
professional’s expert judgment is maintained through edit-
ing functionalities and human-in-the-loop validation mech-
anisms, which also ensures security and trust. Finally, this
edge computing approach establishes a viable path for the
ethical integration of Al in mental health care.
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