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Abstract

This paper presents CHATCARE, a multimodal framework designed to facilitate the development of educational
and therapeutic interventions for children with dyslexia, and applicable to enhance interactive educational
activities for children with special learning needs. CHATCARE is a system that integrates Large Language Models
(LLMs) into a chatbot that guides users through personalized linguistic activities to increase the engagement and
effectiveness during educational therapy sessions. We describe a modular architecture that integrates emotion
detection, adaptive prompt generation and responsive interaction management, enabling natural and context-
aware dialogue with young users. The system also features a multimodal interface specifically optimized for
children aged 8-11. Designed with a colorful, cartoon-like aesthetic, the interface fosters a playful and engaging
environment that aligns with the cognitive and emotional needs of young users. This design not only enhances
user experience but also supports the system’s core functionalities by accommodating diverse communication
preferences and literacy levels through both textual and visual modalities. The paper discusses the design of
the architecture, including an overview of the system’s rationale and structure, implementation details, and the
process leading to the development of prompts to manage with this target population. The main contributions
are: (i) a methodology for embedding expert-informed therapeutic or educational prompts into a conversational
framework; (ii) an interaction pattern based on a multimodal interface that encourages users to participate in
therapeutic activities.
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1. Introduction

Dyslexia is a Neurodevelopmental Disorder (NDD) [1] characterized by reading impairments. Children
with dyslexia frequently experience difficulties in phonological processing, working memory, and rapid
automatized naming, which can affect other academic domains such as writing and mathematics [2, 3, 4].
Dyslexia requires highly individualized educational and therapeutic strategies [5]. Each child may exhibit
unique challenges and learning patterns, which makes traditional approaches more time consuming [5].
To address these challenges, some studies have explored the use of personalized interventions based on
interactive digital applications that include continuous feedback and emotional engagement, which
have proven beneficial in supporting the learning process [6].

We also witness an increasing interest in using Artificial Intelligence (AI) to enrich educational and
therapeutic support for children with special learning needs [7, 8]. In particular, Al-based conversational
agents, or chatbots, have shown some potential to increase user engagement in interactive exercises by
providing real-time feedback in natural language [9], or to promote specific communication skills [10,
11].
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Large Language Models (LLMs) [12] have further expanded the potential for Al-driven educational tools
that exploit human-like dialogue and automatically generated personalized content [13]. Research in
this field includes studies on user intent and satisfaction with LLM-based assistants [14] and discussions
of ethical considerations for chatbots in mental health and learning contexts [15]. While various systems
have contributed valuable insights into the use of LLMs for educational and therapeutic support, there
remains an opportunity to explore the intersection of three key dimensions: adaptability, emotional
awareness and multimodal interaction [16, 5]. In particular, the integration of these features into a
cohesive framework tailored for dyslexic children has not been extensively investigated [7]. This paper
contributes to fill this gap by presenting the CHATCARE framework, an Al-based platform designed
to support the development of highly personalized multimodal educational activities. While initially
conceived to enhance educational interventions for children with dyslexia, the framework is applicable
in principle to a much wider set of educational contexts for children with special learning needs.
CHATCARE aims to facilitate the creation of a multimodal interaction space for learning that integrates
GUI-based interactive exercises for dyslexic children with an advanced conversational agent that assists
them during exercise execution. The conversational agent proactively engages children in personalized
conversations that take into account both the users’ explicit requests (expressed through text or speech)
and their "implicit" state, i.e., their emotions and their interactions with the current exercise. To achieve
this goal, CHATCARE is grounded on a modular architecture, combining LLMs with real-time emotion
detection techniques and adaptive context-aware prompt generation. The playful and accessible design
of the conversational agent interface further enhances engagement, creating an inclusive environment
aligned with the specific cognitive and emotional needs of young users.

Our work brings two primary contributions: (i) we propose a modular system architecture that integrates
LLMs, emotion detection, and real-time interaction management into a cohesive educational tool; (ii) we
present a multimodal interface optimized for young users, enabling engaging and adaptive educational
activities. While we have applied our framework to the treatment of dyslexia, CHATCARE can be
exploited for a much wider set of educational interventions devoted to children with special learning
needs.

The paper is organized as follows: Section 2 reviews related work on educational tools for neurodevel-
opmental disorders, focusing on dyslexia and Large Language Models. Section 3 details the CHATCARE
system’s architecture, including its modular backend and emotion-aware, multimodal interface. Section
4 and Section 5 cover interaction flows, system adaptability, limitations, and future directions.

2. Related Works

2.1. NDDs Support Systems and Educational Tools

A variety of computer-assisted systems have been developed to support individuals with NDDs, and
particularly dyslexia, in both learning and therapy [16, 17, 18, 19]. Early approaches included specialized
educational software and assistive technologies focused on specific impairments (e.g., reading software
for dyslexic students) [7, 20].

In recent years, conversational agents and social robots have been explored for their ability to engage
users. For instance, some systems implemented structured interventions, such as proactive chatbots that
enhance engagement by integrating user intent, real-time retrieval, and content generation to deliver
personalized experiences [9]. Similarly, chatbot-based interventions have been developed specifically
for NDDs, highlighting design considerations for accessibility and family use [11]. In other cases,
emotion detection has been introduced to foster more supportive interactions [21, 10]

These systems show how Al can complement traditional therapy by providing additional practice and
feedback in a patient’s daily environment. While many existing solutions have demonstrated value, they
often focus on specific tasks or rely on manually created content [22]. There is still room to expand the
variety of interactive activities available, particularly to better support different user needs and therapy
stages. Additionally, few platforms currently offer integrated features such as real-time emotional
feedback, adaptive difficulty, and multimodal interaction [10, 21].
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2.2. Large Language Models in Educational Contexts

Large Language Models like OpenAI’s GPT series have brought significant breakthroughs in natural
language generation, enabling new possibilities for educational technology [12]. This capability has
been quickly used in educational settings: LLM-driven chatbots, for example, may generate practice
questions on the fly, clarify topics and mimic conversations [23]. Studies have shown that users find Al
assistants helpful for information retrieval and tutoring, though issues like misunderstood intent can
occur [14]. In particular, for learners with disabilities, LLMs offer the chance to receive personalized,
immediate assistance.

3. CHATCARE System Architecture

CHATCARE is a modular framework designed to facilitate multimodal, emotionally aware human-
computer interaction. Our main purpose was to create a platform in which children with dyslexia, could
do useful activities — like reading and writing exercises — supported and tutored by a conversational
agent aware of the environment and the context, created ad hoc for the user needs via highly specialized
prompt engineering. The motivation behind CHATCARE comes from the desire of proposing a more
engaging and motivating environment, where children are encouraged to participate in activities that
directly support their learning difficulties.

Its architecture consists of a JavaScript-based backend and a React-based frontend, which communicate
via HTTP/HTTPS APIs. The backend is responsible for core logic execution, database access through
PostgreSQL and integration with the OpenAlI API for natural language processing.

CHATCARE logic capability is divided into three primary components: the Chat Manager, the Event
Manager, and a set of specialized Chatbot Modules. All incoming client requests are first processed by
the Chat Manager, which coordinates the interaction between modules and assembles the final query
for the LLM, in our case ChatGPT-40. The Chatbot Modules include:

1. the Chatbot Rules module, which defines persistent behavioural guidelines to be followed by the
chatbot throughout the conversation. These static prompts enforce conversational consistency
and may include constraints based on the user’s diagnosis or the specific activity context;

2. the Emotion Recognition module, which analyzes both text and audio input from the user to detect
underlying emotional states;

3. the Behavior Prompt Manager, which tailors the prompt sent to the language model based on the
emotional analysis;

4. and the Clean Input module, which corrects user input to eliminate syntactic noise and enhance
the LLM comprehension [24].

The Event Manager was introduced to enable a more proactive and context-aware conversational
agent, one that does not rely solely on user-initiated input but can also respond to activity-based
events occurring during the session. This component is responsible for monitoring frontend-generated
interaction signals, such as task completions, incorrect answers, session initiation, user inactivity, and
other interface-level events.

Upon detecting these signals, the Event Manager evaluates them according to predefined internal logic
and determines whether they warrant additional backend processing. When appropriate, it triggers
corresponding actions, such as generating prompts via the Chat Manager, which subsequently invokes
the LLM to produce chatbot responses.

This architecture allows the system to preserve conversational fluidity and maintain a natural dialogue
flow, even when the user is not actively engaging through direct prompts. As a result, the chatbot
becomes a more dynamic and human-like agent—capable of offering encouragement, guidance, or
re-engagement based on real-time user behavior and activity context.

On the frontend, the Multimodal Interface Manager interprets backend responses and distributes them
across the graphical user interface (GUI). The GUI consists of two primary views: the Activity Interface,
where users carry out therapeutic or guided tasks; and the Conversational Interface, which features a
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chatbot avatar providing contextual support, emotional reinforcement, or clarification when needed.
This modular frontend enables an adaptive user experience across both task-driven and dialogue-based

interactions.
BACKEND JS
¥ PostgresaL. Event Manager
Database Query, FRONTEND
N—
HTTP/HTTPS API Request Multimodal Interface
Chat Manager
Manager
pS
<

LLM OpenAl API

Figure 1: Overview of the CHATCARE system architecture, showing backend components for logic, emotion
processing, and APl integration, and the frontend interface for multimodal interaction.
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Chatbot Modules GuI

3.1. Chat Manager

The Chat Manager is the core coordination component of the backend architecture. It manages all
incoming requests from the frontend and determines the appropriate processing pipeline based on
the request type. The system distinguishes between two primary types of input: user messages and
interaction events.

When a user message is received, the Chat Manager initiates a multi-step process involving the Chatbot
Modules. It sends the input to the Clean Input module for syntactic correction, passes the cleaned message
to the Emotion Detection module to infer the user’s emotional state, and then invokes the Behavior Prompt
Manager to generate emotion-informed behavioral guidance. It also retrieves persistent conversational
rules from the Chatbot Rules module. These elements are aggregated into a comprehensive prompt,
which is then used to formulate a request for ChatGPT-40. Session metadata and user interactions are
also logged in the PostgreSQL database to maintain state and enable context-aware responses.

In contrast, when the Chat Manager receives an interaction event—such as a task failure or system-
triggered cue—it forwards the event to the Event Manager. Upon receiving a response that contains a
predefined prompt tailored to the user’s current context, the Chat Manager directly constructs the API
call to the language model using only the prompt provided by the Event Manager, without invoking
the Chatbot Modules. This design ensures fast, context-sensitive interventions driven by system logic
rather than user input.

3.2. Event Manager

The Event Manager processes interaction signals from the frontend, such as repeated task failures,
extended user inactivity, or specific interface-triggered events. Each incoming event is evaluated against
the event history—a log of previously registered frontend events—to determine whether an intervention
is required.

For example, if a user incorrectly answers the same exercise item more than a predefined number of
times, the Event Manager generates a structured response containing a prompt for the language model.
This prompt may instruct the chatbot to clarify the activity, offer guidance, or ask if the user would like
help. The Event Manager then forwards this response to the Chat Manager, which uses it directly to
construct the query to ChatGPT without invoking the other Chatbot Modules.
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We decided to adopt this event-driven, proactive design based on findings that such interventions
significantly improve user engagement and prolong conversations in chatbot systems [9].

3.3. Chatbot Modules

The Chatbot Modules are specialized processing units invoked by the Chat Manager to synthesize a
rich conversational context before querying the LLM. Each module contributes distinct information
essential for delivering personalized and emotionally intelligent interactions:

« Chatbot Rules: This module defines static behavioral constraints and role-consistent guidelines,
forming a persistent prompt template that the LLM must adhere to throughout the session. These
rules may reflect therapeutic goals, user diagnoses, or activity-specific constraints.

« Emotion Detection: This module identifies the emotional state of the user based on text and/or
audio input. For textual emotion recognition, we use the Emotion English DistilRoBERTa-base
model [25]. For vocal emotion recognition, we integrate the Emoty system [10]. Both models
classify emotions using Ekman’s six basic categories (anger, disgust, fear, joy, sadness, surprise),
along with a neutral class [25].

« Behavior Prompt Manager: Once the dominant emotion is identified, this module selects
the corresponding behavioral prompt. This prompt provides adaptive conversational strategies
tailored to the user’s emotional state and is incorporated into the final LLM request improving
engagement and empathy from the chatbot [26].

« Clean Input: To ensure maximum clarity and relevance in user inputs [24], this module applies
advanced grammatical and stylistic corrections using the open-source LanguageTool library.

Collectively, these modules allow the system to construct a nuanced, emotionally aware, and behaviorally
aligned prompt for the LLM, enhancing the relevance and effectiveness of chatbot responses [25, 26].

3.4. Multimodal Interface

To meet all the functionalities and requirements to create an engaging experience, the frontend of the
system was built as a modular, multimodal interface that enables users to engage in both task-based
and conversational activities within a unified framework. The user experience is segmented into two
synchronized views:

Occupying the left half of the screen, the Activity Interface presents therapeutic or guided exercises
curated by caregivers. Each activity is semantically encoded and shared with the backend, enabling the
chatbot to incorporate detailed knowledge of the user’s current task context into its responses. This
tight integration fosters continuity and relevance across modalities.

The Conversational Interface, located on the right side of the screen, features an animated avatar (Foxy)
and a messaging pane supporting both text and audio communication. The chatbot avatar provides
emotional reinforcement, task clarification, and conversational support. This component not only
responds to user input but also proactively engages based on backend-triggered events or detected
emotional states. The avatar’s expressions and tone are modulated in alignment with detected emotions,
enhancing empathetic resonance.

4. System Behavior and Interaction Flow

To better understand how CHATCARE’s components work together during operation, we present a
flow diagram representing the typical interaction patterns: a user-initiated interaction flow, and an
event-driven interaction flow. This diagram traces the steps from the perspective of the user through the
backend logic, highlighting how messages and events are handled within the CHATCARE architecture.
The interaction flow is handled through two mechanisms: a user-driven dialogue flow, employed for
question-and-answer exchanges to deliver immediate, personalized feedback, and an event-driven flow,
responsible for managing activity progression and session completion without requiring user prompts.
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In the bustling corridors of Maple Elementary, Lucy, a ten-year-old girl with bright
freckles and twinkling hazel eyes, was always seen carrying a stack of books. She

wore her long brown halr in a neat ponytail and dressed in her favorite striped red

and white sweater with a pair of denim overalls. She was known as the 'bookworm'

of her class, always absorbing knowledge and eagerly helping her classmates with '
el
Hello! How can I assist
you today? If you're
1) working on an exercise
&5 or need help with

something specific, feel
free to let me know.

their studies.
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Figure 2: The CHATCARE interface combines activity-based exercises with a conversational agent to support
user engagement through multimodal interaction.
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Figure 3: User- and event-driven interaction flow in CHATCARE, showing how messages and events are processed
to generate LLM responses.

To illustrate the interaction patterns enabled by CHATCARE, we simulated a scenario involving a
reading session designed for a child with dyslexia. In this session, the caregiver configures a flash
spelling activity, where a word is briefly displayed on screen for one second, after which the child
must reproduce it with accurate spelling. This scenario demonstrates how CHATCARE manages both
user-driven dialogue and event-driven transitions.

The session begins when the child logs in. The Multimodal Interface Manager sends a Session Start Event
together with the current state of the activity to the Event Manager for context. The Event Manager
responds by instructing the Chat Manager to trigger an initial greeting. The Chat Manager sends a
request to ChatGPT, receives the response, and transmits it back to the Conversational Interface, which
renders the chatbot’s message:

“Hello! Ready for today’s reading practice?”

In the first flash spelling exercise, the Activity Interface displays the word "kite” for one second before
disappearing. The child types "kight" as the response. The Activity Interface checks in the Activity
Logic the correctness of the answer, and since the spelling was incorrect, it highlights the word in red.
Internally, this triggers an Incorrect Answer Event, but the Event Manager is configured not to initiate
chatbot feedback until two incorrect attempts have been made. As a result, the Chat Manager at this
stage receives the instruction to do nothing.

On the second attempt, the child enters "kait", which is again incorrect. The Activity Interface highlights
the word in red once more. Upon receiving a second Incorrect Answer Event, the Event Manager
instructs the Chat Manager to issue a prompt. The Chat Manager then sends the request to ChatGPT,
receives a response, and forwards it to the Conversational Interface, which displays the chatbot message:
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“Almost. The word you are looking for has a long i sound, which is usually written with just
an i before the consonant. Try again.”

The child then inputs "kite", which is the correct spelling. The word is highlighted in green by the
Activity Interface, indicating success. No additional event is triggered, and the activity continues to the
next word.

The following word, "bike", is presented for one second and then disappears. Instead of typing a response
immediately, the child interacts with the chatbot via voice through the Conversational Interface, asking:

“Does this word have a long i sound like kite?”

The Multimodal Interface Manager forwards the spoken query to the Chatbot Modules to process the
input:

+ Clean Input: Analyzes the content of the message; since it is well-formed, no modifications are
made.

« Chatbot Rules: Queries the session database to retrieve any configuration-specific prompts
needed to contextualize the chatbot’s response.

« Emotion Detection: Evaluates the audio to identify emotional tone. In this case, the detected
emotion is ‘Neutral’.

« Behaviour Prompt Manager: As the detected emotion is neutral, no additional behavior-based
prompts are added to the response.

Once all processing is complete, the Chat Manager assembles the final prompt by putting together the
output of the Chatbot Modules and the activity state, then it makes the LLM call. The resulting response
is forwarded and rendered in Conversational Interface:

“Yes it does! Try writing it!”

The child enters "bike", which is correctly spelled. The Activity Interface highlights the word green and
the session continues.

In the end of the assigned activities, the Multimodal Interface Manager triggers a Session Complete
Event. Following the same internal flow as previous system-driven interactions, the Chat Manager
sends a final request to ChatGPT and the resulting message is displayed to the user:

“You’ve finished all your exercises for today! You spelled 4 out of 5 words correctly. Excellent
work! I'll let your caregiver know how well you did. See you next time!”

The session transcript is automatically saved and made accessible to the caregiver for post-session
review.

This example shows how CHATCARE could support educational learning for children with dyslexia
through coordinated use of conversational Al, multimodal interfaces, and adaptive feedback.

5. Conclusions and Future Work

This research presented the design and architecture of CHATCARE, a multimodal framework created
to support educational and therapeutic activities for children with dyslexia. The system integrates a
modular backend with a Large Language Model—specifically OpenAI’s ChatGPT—alongside emotion
detection through both text and voice, and a multimodal user interface that facilitates both structured
activities and natural conversation. A simulated use-case scenario was also included to illustrate the
system’s behavior in practice.

The primary goal of this work is to create a more engaging and responsive environment during
educational activities, aiming to better support the needs and participation of children with dyslexia.
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To achieve this goal, the paper presented two main contributions: (i) we developed a modular system
architecture that integrates Large Language Models with real-time emotion recognition and event-driven
interaction management. This architecture was iteratively structured to support adaptive, context-
aware dialogue by coordinating multiple backend modules, including specialized prompt engineering,
emotion-informed behavioral adjustments, and user interaction monitoring. These components work
in concert to create a responsive therapeutic environment aligned with the needs of children with
dyslexia. (ii) We designed a multimodal, child-centric interface that balances structured activity delivery
with conversational support, employing visual cues tailored to users’ cognitive and emotional states.
This interface not only facilitates accessibility and engagement but also supports the backend logic by
enabling seamless transitions between activity-based and dialogue-based interactions. Through the
integration of animated avatars, emotion-sensitive dialogue, and adaptive feedback, the interface aims
to encourage a playful yet supportive learning atmosphere.

Despite encouraging architectural advances, CHATCARE faces limitations. Integration of third-party tools
such as LLMs and the emotion detection models, introduces latency and dependency challenges. The
emotion management module’s performance, while functional, could benefit from further instruction
and validation from experts to meet the children’s needs. Scalability remains a concern as the system
grows in complexity, particularly when deployed in diverse therapeutic settings with heterogeneous
user needs. Ethical considerations surrounding Al-based interventions for vulnerable populations—such
as safeguarding privacy and ensuring the appropriateness of feedback—require ongoing attention [15].
While CHATCARE appears promising, a real trial on users is necessary to confirm its potential.

Future research is already involving a collaboration with expert linguists to first validate and correct
the system prompts. Once done this step, a preliminary explorative study with more than 15 children
between 8-11 years old is set to assess the platform’s effectiveness and usability in practical therapeutic
settings. Moreover, we will aim to enhance the adaptability and generalizability of CHATCARE, extending
its applicability beyond dyslexia through the integration of additional therapeutic modules for other
neurodevelopmental disorders.
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