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Abstract. This study explores the integration of Retrieval-Augmented Genera-
tion (RAG) into Artificial Intelligence (Al) systems to enhance psychological
support, particularly in ADHD interventions and Inhibitory Control assess-
ment. To achieve this, the GPT-40 model was used in conjunction with struc-
tured databases of therapeutic dialogues to improve mental health intervention,
cognitive evaluation, and professional training. In addition, prompt engineer-
ing was used as an inference technique through text-based instructions, and
an experimental evaluation was conducted using a predefined set of prompts
designed to measure contextual consistency, ethical compliance, and technical
accuracy. The results indicate that integrating retrieval mechanisms improves
Al-generated responses by providing more contextually relevant and accurate
information, demonstrating the model’s enhanced capability to process complex
contextual queries.

1. Introduction

The integration of Artificial Intelligence (AI) into psychological practice has trans-
formed the landscape of mental health care, offering innovative solutions for assess-
ment [Tutun et al. 2022], treatment [Nayinzira and Adda 2024], and clinical decision-
making [Maclntyre et al. 2023].  From early conversational agents like ELIZA
[Weizenbaum 1966] to modern Al-driven diagnostic tools, technological advancements
have steadily improved the accuracy, accessibility, and efficiency of psychological ser-
vices [Luxton 2014, Zhou et al. 2022]. Recent developments in Al, particularly Retrieval-
Augmented Generation (RAG) [Das et al. 2025], present a promising frontier in augment-
ing clinical workflows by synthesizing and retrieving relevant information in real time,
thereby enhancing the decision-making process of mental health professionals.

Al applications in psychology have expanded significantly in recent years, with
notable advancements in clinical assessment, training, and treatment[Khalifa et al. 2024].
Al-powered systems can assist in diagnosing psychological disorders, reducing diagnos-
tic errors, and providing evidence-based recommendations for treatment [Luxton 2014,
Lee et al. 2021]. Virtual assistants and chatbots can play a crucial role in psychological
triage, offering immediate support and guidance to patients while alleviating the burden
on human professionals. Additionally, sophisticated Al models, including virtual hu-
man avatars [Sanjeewa et al. 2024a], enable personalized therapist training by simulating
complex clinical interactions [Zhou et al. 2022].



Beyond diagnosis and training, Al has demonstrated potential in clini-
cal decision support, offering data-driven insights to improve patient outcomes
[Elhaddad and Hamam 2024]. Neural networks and machine learning algorithms can an-
alyze large datasets to detect patterns and predict treatment responses for disorders such as
depression, schizophrenia, and Alzheimer’s disease [Durstewitz et al. 2019]. Al-powered
decision support systems further mitigate the risks of misdiagnosis, ensuring more precise
and effective interventions[Kleine et al. 2025].

In this study, we aim to evaluate the effectiveness of RAG-enhanced Al systems in
psychological practice by comparing the performance of GPT-4.0 with and without RAG
integration. A script, focusing on Inhibitory Control and Attention-deficit/hyperactivity
disorder (ADHD) , was developed by a psychologist to assess psychological knowledge
and contextual understanding, and its evaluations were conducted independently by two
psychologists. By systematically analyzing the capabilities of these Al models, our re-
search seeks to determine how RAG integration can enhance psychological assessments,
treatments, and clinical decision-making. The findings aim to inform the development
of Al systems that provide continuous support to psychologists and therapists, ultimately
improving the quality and accessibility of mental health care.

2. Related Work

We address the literature study according to three aspects: RAG, Al in psychology, and
Inhibitory Control/ADHD.

2.1. RAG

Large Language Models (LLMs) have demonstrated remarkable success but still face lim-
itations, particularly in domain-specific and knowledge-intensive tasks. One of the major
challenges is the generation of factually incorrect content, commonly referred to as “hallu-
cinations” [Gao et al. 2024]. To address this, Retrieval-Augmented Generation enhances
LLM:s by retrieving relevant information from external knowledge bases, improving fac-
tual accuracy and adaptability to dynamic environments. This integration has made RAG
a key technology in chatbot development and real-world applications [Arslan et al. 2024].
In open-domain question answering, a common approach involves a two-step pipeline: a
retriever selects relevant document passages, followed by a machine reader that extracts
the correct answer [Karpukhin et al. 2020]. While effective, this method often suffers
from performance degradation, highlighting the need for improved retrieval techniques.
Pre-trained neural models encode a vast amount of knowledge but lack the ability to
update or justify their outputs effectively. Unlike traditional models, RAG allows for flex-
ible memory expansion and enhances interpretability, mitigating issues related to static
knowledge storage and hallucinations [Lewis et al. 2021].

2.2. Al in Psychology

Al is becoming increasingly relevant in psychology, particularly in cognitive psychol-
ogy, where it facilitates emotion recognition, behavioral therapy, and social interaction
simulations [Walter 2024]. Al-driven systems can simulate human cognitive processes,
supporting research and clinical applications [Irshad et al. 2022]. These advancements
highlight AT’s potential in psychological science, despite its underutilization by special-
ists in the field. In clinical practice, Al enhances psychological assessment and treat-
ment through virtual assistants and chatbots. These tools help identify mental health



disorders, provide basic psychological support, and reduce the workload of profession-
als [Vaidyam et al. 2019]. Additionally, Al-powered decision-support systems have the
potential to analyze large datasets to improve diagnostic accuracy, reducing uncertainty
and medical errors in detecting conditions such as depression, schizophrenia, and anxi-
ety disorders [Zhou et al. 2022]. Virtual patient simulations further aid therapist training,
refining diagnostic and treatment strategies [Elendu et al. 2024].

Conversational agents have demonstrated effectiveness in mental health care, im-
proving diagnostic quality and therapeutic efficacy. However, challenges remain, includ-
ing the need for standardized evaluation methods and broader representation of patient
populations, such as pediatric cases and individuals with schizophrenia or bipolar dis-
order [Vaidyam et al. 2020]. Despite these limitations, Al-driven tools continue to ex-
pand access to mental health services, addressing global shortages of trained profession-
als.Machine learning and Natural Language Processing (NLP) further enhance mental
health care by improving diagnosis, prognosis, risk assessment, and treatment adherence.
These automated approaches can offer more cost-effective, scalable solutions for psycho-
logical evaluation and intervention [Le Glaz et al. 2021]. The integration of Al, partic-
ularly RAG, has the potential to refine clinical assessments, ensure access to real-time
medical knowledge, and support mental health professionals in providing more effective
care.

2.3. Inhibitory Control and ADHD

Inhibitory control, a core executive function, enables individuals to regulate their atten-
tion, behavior, thoughts, and emotions by suppressing dominant responses in favor of
more appropriate actions[Kang et al. 2022]. This ability is essential for goal-directed be-
havior, allowing individuals to resist distractions, avoid impulsive actions, and adapt to
dynamic environmental demands. A critical aspect of inhibitory control is attentional
regulation, which involves selectively focusing on relevant stimuli while suppressing in-
terference from competing information. This capacity, known as interference control at
the perceptual level, is fundamental for maintaining concentration and avoiding cogni-
tive overload in complex or dynamic settings [Kang et al. 2022]. Deficits in this func-
tion are often linked to difficulties in learning, problem-solving, and emotional regula-
tion. ADHD, a chronic neurodevelopmental disorder affecting ~5% of school-age chil-
dren, is characterized by heterogeneous behavioral symptoms and cognitive impairments
[Castellanos and Tannock 2002, Coghill et al. 2014, Sonuga-Barke et al. 2008]. Impair-
ments in inhibitory control are particularly prominent, leading to difficulties in sup-
pressing impulsive responses, sustaining attention, and regulating emotions, which sig-
nificantly impact academic and social functioning [Kofler et al. 2018]. Closely related,
self-regulation — the ability to manage impulses and delay gratification — plays a cru-
cial role in stress management, social relationships, and long-term goal achievement
[Kang et al. 2022]. These mechanisms underscore the importance of strengthening in-
hibitory control in psychological and educational interventions.

3. Methodology

In this section, we explain how we used RAG and the GPT-40 model' to build an archi-
tecture that can outperform existing systems and applications in the field of psychology,

"https://platform.openai.com/docs/models/gpt-4o



powered by a well-parameterized dataset. As shown in Figure 1, our architecture includes
the following components: (i) dataset, (ii) vector database, (iii) retriever, (iv) embedding
model, and (v) GPT-40 model. The RAG approach, combined with the GPT-40 model,
integrates structured databases of therapeutic dialogues to address three key domains:
clinical treatment, psychological assessment, and professional training. The system’s
validation focused on contextual coherence, ethical adherence, and technical accuracy,
supervised by a psychology professional and aligned with computational psychological
assessment guidelines.

3.1. Retrieval-Augmented Generation Workflow

The RAG pipeline (Figure 1) combines structured psychological data with generative Al
for clinical relevance. The pipeline follows these steps:

Psychology Dataset (I): Curated therapeutic dialogues, including patient queries
and professional responses, are cleaned and structured to ensure relevance for clinical psy-
chology applications; Vector Database Integration (II): The cleaned data is converted into
embeddings using a specialized text-embedding-3-small?> model and stored in a Pinecone
Vector Database®, enabling efficient and scalable retrieval of information; Embedding
Model (II1): Both user queries and dataset entries are transformed into semantic vectors,
allowing for effective similarity matching and retrieval of relevant information; Retriever
Module (1V): For each incoming query, the retriever module identifies the top contextual
matches from the vector database, ensuring that the most relevant information is retrieved
for further processing; Query: User inputs are categorized into specific clinical domains,
such as treatment, assessment, and training, using advanced keyword and intent analysis
techniques; Contextual Best Response: The system prioritizes the best response candi-
dates by filtering them through ethical guidelines and clinical validity checks, ensuring
that the responses are both appropriate and accurate; GPT-40 Generation (V). The re-
trieved context is fed into the GPT-40 model, which generates tailored, domain-specific
responses that are contextually relevant and aligned with the user’s needs; System UI: The
final responses are delivered through an intuitive and accessible user interface (UI), de-
signed to provide a seamless and user-friendly experience for both clinicians and patients.

3.2. Dataset Structure & Response Guidelines

The dataset used in the RAG pipeline consists of structured question-response pairs based
on validated professional dialogues. It follows the format:

* User Query: Natural language input reflecting psychological concerns or thera-
peutic inquiries.

* Expected Response: Professionally curated replies providing guidance aligned
with therapeutic principles.

* Prohibited Responses: Examples of inappropriate, unethical, or harmful replies,
ensuring the model avoids biases and unsafe recommendations.

This organization approach ensures that responses maintain ethical and clinical in-
tegrity, preventing misinformation and reinforcing adherence to psychological best prac-
tices.

Zhttps://platform.openai.com/docs/guides/embeddings
3https://www.pinecone.io/learn/vector-database/
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Figure 1. RAG pipeline mentioned, illustrating the integration of a vector
database for retrieval and GPT-40 for response generation for a better responses.

3.3. Prompt Engineering

We used prompt engineering, which is an inference technique through a text-based di-
rective that guides the model to behave in a way that improves its output quality and
relevance. The system employs strategic prompt engineering to align GPT-40’s outputs
with clinical standards and conversational objectives. Our dual-phase approach combines:

1. System-Level Directives: Foundational instructions shaping the AI’s persona and
ethical boundaries [Sanjeewa et al. 2024b].

2. Contextual Templates: Dynamic prompts integrating RAG-retrieved informa-
tion with response format rules (e.g., prohibition of medical lists unless explicitly
requested).

3. Tone Calibration: Lexical constraints (e.g., “supportive”, "fluid”) to ensure em-
pathetic and natural dialogue.

4. Structural Guardrails: Rules to prevent inappropriate response patterns and en-
sure coherent outputs.

5. Ethical Filters: Mechanisms referencing the dataset’s prohibited response taxon-
omy to avoid harmful or biased content.

6. Context Injection: Slots for integrating RAG-retrieved clinical evidence into the
generated responses.

This architecture enables domain adaptation across treatment, assessment, and
training scenarios while maintaining adherence to psychological communication proto-
cols through prompt-controlled generation.

3.4. Experimental Design

To assess the performance of Al models in providing mental health support, particularly in
the context of Inhibitory Control, a structured experiment was designed by a psychologist.
The experiment involved a predefined script composed of prompts aimed at evaluating
contextual coherence, ethical adherence, and technical accuracy. These prompts were
systematically submitted to two Al models: GPT-40 and GPT-40 with RAG. This aligns
with recent discussions on the potential of Al in psychological and behavioral therapies,



where Al-driven approaches have shown promise in expanding access to mental health
support [Walter 2024].

The prompts followed specific guidelines for prompt engineering, ensuring that
the models adopted a role as a mental health assistant. The instructions emphasized
maintaining a conversational and empathetic tone, structuring responses in a fluid and
connected manner, and avoiding lists unless explicitly requested by the user. Addition-
ally, responses were expected to integrate practical examples when relevant and prioritize
natural dialogue over rigid formatting. Such applications of Al in psychotherapy are
particularly valuable for individuals who might not have direct access to a professional,
reinforcing the role of digital psychology in modern therapeutic practices [Walter 2024].
The RAG-enhanced model, in particular, was designed to maintain a humanized and em-
pathetic discourse, ensuring that responses were not only contextually accurate but also
emotionally supportive and engaging. By comparing the outputs of both models, the
experiment aimed to determine whether RAG integration improved contextual accuracy,
ethical consistency, and overall response quality while preserving a natural and welcom-
ing communication style. The results of this comparison, including the scores assigned to
each model’s responses, are detailed in Table 1.

4. Results

The evaluation of responses followed structured guidelines, focusing on contextual coher-
ence, ethical adherence, and technical comprehension. Each response was assessed for its
alignment with the model’s intended function as a mental health assistant, emphasizing
natural conversational flow, empathy, and clarity. Reviewers provided qualitative feed-
back, highlighting strengths, errors, and areas for improvement. A numerical score from
0 to 5 was assigned based on the adequacy of the responses, ranging from completely
inadequate to perfectly aligned with the intended purpose. This evaluation framework
aligns with broader methodologies used in assessing language models in specialized do-
mains, where structured qualitative analysis is complemented by quantitative scoring to
ensure both accuracy and contextual appropriateness [Abraham , Brodeur et al. 2024].

Prompts GPT4o + GPT4o
RAG

How can I work on Inhibition Control with a 10-year-old 5 4

child?

I am a child psychologist and would like to know how I 4 4

can work on Inhibition Control with a 10-year-old child
who exhibits aggressive behaviors in a school setting with
peers and authority figures.

I am a psychologist working with Cognitive Behavioral 3 4
Therapy and would like to work with emotional regula-
tion techniques for a 10-year-old patient diagnosed with
ADHD who has a deficit in Inhibition Control and reacts
aggressively in a school setting when frustrated.




Prompts

GPT4o0 +
RAG

GPT4o

I am a psychologist working with Cognitive Behavioral
Therapy and would like to work with cognitive techniques
for a 10-year-old patient diagnosed with ADHD who has
a deficit in Inhibition Control and reacts aggressively in a
school setting when frustrated.

3

I am a psychologist working with Cognitive Behavioral
Therapy and would like to work with behavioral tech-
niques for a 10-year-old patient diagnosed with ADHD
who has a deficit in Inhibition Control and reacts aggres-
sively in a school setting when frustrated.

I am a psychologist working with Cognitive Behavioral
Therapy and would like to work with cognitive techniques
for a 10-year-old patient diagnosed with ADHD who has
a deficit in Inhibition Control and reacts aggressively in
a school setting when frustrated, based on decisional bal-
ance and consequence analysis.

I am a psychologist working with Cognitive Behavioral
Therapy and would like to work with behavioral tech-
niques for a 10-year-old patient diagnosed with ADHD
who has a deficit in Inhibition Control and reacts aggres-
sively in a school setting when frustrated.

I am a psychologist working with Cognitive Behavioral
Therapy and would like to explain what Inhibition Con-
trol is and its negative effects to a 10-year-old patient di-
agnosed with ADHD who exhibits aggressive behavior in
a school setting when frustrated.

I am a psychologist working with Cognitive Behavioral
Therapy and would like to work with cognitive techniques
for a 10-year-old patient diagnosed with ADHD who has
a deficit in Inhibition Control and reacts aggressively in
a school setting when frustrated, based on decisional bal-
ance and consequence analysis. I would like to use scenes
from children’s films as a basis before applying them to
his life situations.

I am a psychologist working with Cognitive Behavioral
Therapy and would like to work on decisional balance,
decision-making, and consequence analysis with a 10-
year-old patient diagnosed with ADHD who has a deficit
in Inhibition Control and reacts aggressively in a school
setting when frustrated. Create a lighthearted story or
parable that I can use.

Table 1: GPT-40 and GPT-40 + RAG response comparison. The first column presents
the prompts used, and the other two columns present the psychologist’s evaluations




regarding the responses provided, respectively, by GPT40 + RAG and by GPT4o.

The evaluation results indicate that GPT-40 with RAG outperformed GPT-40 in
terms of adequacy across the assessed criteria. The GPT-40 + RAG model achieved an
average score of 4.4, suggesting that while some responses had room for improvement,
the model consistently provided more contextually coherent, ethically aligned, and tech-
nically accurate answers. In contrast, GPT-40 achieved an average score of 4, reflecting
stable but less dynamic performance, potentially indicating a more generalized approach
without the enhanced retrieval capabilities of RAG. The superior performance of GPT-40
+ RAG aligns with expectations that integrating retrieval mechanisms can refine response
quality by providing more contextually relevant and precise information. Notably, in the
last two questions, which demanded more elaborate and detailed context, GPT-40 + RAG
demonstrated superior performance, achieving the highest scores. This highlights the
model’s ability to handle complex, context-dependent queries more effectively compared
to GPT-40 without RAG.

5. Final Considerations

The integration of Al into psychological practice has improved mental health care,
enhancing assessment accuracy, treatment effectiveness, and clinical decision-making.
Therefore, this study explored the impact of RAG in psychological applications by eval-
uating the performance of GPT-4.0 with and without RAG integration, and our findings
indicate that Al systems enhanced with RAG can improve the retrieval and synthesis of
relevant psychological knowledge from a large volume of information, providing mental
health professionals with more precise and context-aware support. However, as prelimi-
nary work, this study has limitations: (1) subjective evaluations lacking inter-rater relia-
bility metrics (e.g., Cohen’s kappa) or rigorous statistical analyses; (2) an opaque dataset
with undisclosed size, diversity, or licensing details; (3) no clinical baseline comparison
(e.g., junior psychologists or rule-based systems); and (4) insufficient discussion of ethical
protocols, particularly privacy safeguards.

Thus, future advances in this field are anticipated to lead to significant improve-
ments. To this end, it is essential to expand the data set used, diversifying its sources to
increase both the volume and the scope of available information, while also involving a
greater number of specialists in system evaluation and validating its application through
rigorous user testing. As a future prospect, the implementation of virtual humans is a
promising perspective to enhance system humanization and foster a higher quality of user
experience. Consequently, these advancements will contribute to Al systems that provide
continuous support to psychologists and improve the standard and accessibility of mental
health care.
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