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Abstract: Generative Intelligent Tutoring Systems (ITSs), powered by advanced language models like
GPT-4, represent a transformative approach to personalized education through real-time adaptability,
dynamic content generation, and interactive learning. This study presents a modular framework
for designing and evaluating such systems, leveraging GPT-4's capabilities to enable Socratic-style
interactions and personalized feedback. A pilot implementation, the Socratic Playground for Learning
(SPL), was tested with 30 undergraduate students, focusing on foundational English skills. The results
showed significant improvements in vocabulary, grammar, and sentence construction, alongside
high levels of engagement, adaptivity, and satisfaction. The framework employs lightweight JSON
structures to ensure scalability and versatility across diverse educational contexts. Despite its promise,
challenges such as computational demands and content validation highlight the main areas for future
refinement. This research establishes a foundational approach for advancing Generative ITSs, offering
key insights into personalized learning and the broader potential of Generative Al in education.

Keywords: GPT-4; generative Al; intelligent tutoring system (ITS); Socratic Playground for Learning
(SPL); personalized learning (PL)

1. Introduction

Intelligent Tutoring Systems (ITSs) have emerged as a transformative tool within edu-
cational technology, offering adaptive and personalized instruction that meets the unique
needs of individual learners [1]. Traditionally, ITSs have relied on rule-based algorithms
and static content. While these systems can be effective in structured environments, they
often lack the flexibility needed to adapt to diverse educational contexts and the evolving
needs of students [1,2].

The advent of Generative Artificial Intelligence (Al), particularly large language mod-
els (LLMs) such as GPT-4, has added a new dimension to ITSs by enabling real-time content
generation and highly personalized learner interactions. These advancements reshape the
educational experience, offering adaptable, interactive support that more closely resembles
human tutoring [3]. Unlike traditional ITSs, which are often constrained by predefined
rules, generative models like GPT-4 engage learners dynamically—facilitating interactive
dialogue, generating questions in real time, and providing tailored feedback that responds
immediately to each learner’s progress [4]. Moreover, Generative Al holds the potential
to democratize access to high-quality individualized education, offering scalable support
in contexts where traditional ITS solutions have limited reach [5,6]. For example, virtual
tutors like ChatGPT help to address gaps in conventional classroom instruction, which
frequently targets the collective rather than the individual. As a result, students at varying
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ability levels may become either overburdened or disengaged, highlighting the need for
more personalized forms of support [7].

Despite the transformative potential of Generative Alin ITSs, several critical challenges
remain unresolved. There is a clear need for structured frameworks to effectively integrate
GPT-4 into the ITSs and robust evaluation methods to measure its impact on personalized
learning experiences. Addressing these gaps is essential to unlocking the full educational
potential of Generative Al and ensuring its practical application across diverse learning
settings. Therefore, this study’s objectives are twofold: first, to design a Generative ITS
framework that incorporates GPT-4’s language-generation capabilities through a modular
JSON-based structure, enabling real-time personalized educational support; and, second,
to evaluate this system through a case study, the Socratic Playground for Learning (SPL),
thus assessing its feasibility and effectiveness. The specific research questions guiding this
study are as follows:

RQ1: How can a Generative ITS framework be designed using GPT-4’s language-
generation capabilities to enable real-time personalized educational support through a
modular JSON-based structure?

RQ2: How can the performance of the Generative ITS be comprehensively evalu-
ated in terms of feasibility, effectiveness, and learner engagement through case study
methodologies like the Socratic Playground for Learning (SPL)?

2. Literature Review
2.1. GPT-4’S Application Features

GPT-4 represents a notable advancement in Generative Al, characterized by enhanced
contextual understanding, dynamic feedback generation, and multimodal integration [8,9].
These capabilities distinguish GPT-4 from its predecessors and other generative models,
making it a versatile tool in tasks requiring real-time, context-aware interactions [10].
Specifically, GPT-4 excels in providing tailored feedback and generating adaptive content
dynamically. For instance, its ability to analyze inputs and produce detailed context-
specific outputs has made it particularly effective in areas such as personalized feedback
and programming support. Unlike earlier iterations, such as GPT-3, GPT-4 demonstrates
greater coherence across multi-turn interactions and offers more nuanced responses that
align closely with users’ needs [9].

A key innovation of GPT-4 is its multimodal integration, enabling it to process and
generate outputs from both text and image inputs. This capability broadens its application
scope to include visual question answering, document analysis, and complex problem-
solving tasks. By incorporating diverse data types, GPT-4 achieves a level of adaptability
that surpasses text-only generative models like GPT-3.5. These multimodal capabilities
make it particularly effective in contexts where textual and visual information must be
synthesized simultaneously [9,11]. In addition to its multimodal functionality, GPT-4 shows
significant improvements over its predecessors in multilingual and domain-specific tasks.
For instance, it achieves superior performance on benchmarks such as the MMLU, excelling
in over 24 languages and outperforming models like PaLM in reasoning and contextual
adaptation. These enhancements highlight its capacity to handle diverse, complex tasks
with higher accuracy and flexibility than prior models [9]. Despite these advancements,
GPT-4 is not without limitations. It continues to face challenges such as generating inac-
curate or biased outputs, and its high computational requirements limit its accessibility.
Moreover, its finite context window can constrain performance in tasks requiring long-
term dependency tracking. Addressing these issues remains a critical area for future
development [8-10].
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2.2. Intelligent Tutoring Systems

Intelligent Tutoring Systems have evolved substantially, from early rule-based frame-
works to sophisticated, personalized learning environments. These systems are designed
to simulate human tutoring by providing personalized instruction and support tailored to
individual learners’ needs [1]. A typical and efficient ITS architecture consists of four key
interacting components that work together to facilitate this personalization [12]: the Expert
Module, the Student Module, the Tutor Module, and the User Interface Module (see Figure 1).
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Figure 1. A traditional architecture of an Intelligent Tutoring System (ITS).

The Expert Module contains the essential domain knowledge, forming the base for
instructional content and assessments. The Student Module represents the learner’s current
knowledge state, tracking their progress and performance through data on responses,
exercise completion, and learning behaviors. The Tutor Module leverages these data to
deliver personalized instruction, adjusting the content difficulty and approach based on
the student’s needs. Finally, the User Interface Module facilitates interactions between the
ITS and the student, enabling question responses, feedback, and interactive exercises, thus
creating an integrated and responsive learning experience.

In practice, the process works as follows: the student interacts with the ITS via
the User Interface Module, providing responses and engaging in exercises. The Student
Module continuously tracks these interactions, updating the learner’s knowledge state.
The Expert Module then references this state to guide the Tutor Module in adjusting the
instructional approach, offering feedback, modifying the difficulty, and selecting content
that best supports the learner’s progress [13].

This four-component structure enables an ITS to provide a dynamic and responsive
learning experience, which can be more effective than traditional static instructional methods.
As a result, ITSs are now widely applied across various educational domains, enhancing
outcomes in subjects like STEM, languages, and professional training by offering personalized
guidance and targeted practice based on each learner’s unique progression [14].

2.3. Integrating GPT-4 into ITS

The integration of LLMs like GPT-4 has opened up new opportunities for ITSs across
various educational domains. LLMs enhance ITS capabilities by facilitating lesson design,
generating feedback, and assessing learner knowledge. Studies have explored the utility of
GPT-4 and related models in automating tasks traditionally handled by human educators.
For instance, Ahmed [15] investigated ChatGPT’s potential for conversation design and
assessment within the Generalized Intelligent Framework for Tutoring (GIFT), demonstrat-
ing its ability to streamline the creation of educational scripts with reduced effort. Similarly,
Schmucker et al. developed “Ruffle & Riley”, a conversational tutoring system that utilizes
GPT-4 to generate tutoring scripts from lesson texts, speeding up content authoring through
EMT-based rules for free-form conversation [16].
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Beyond script generation, GPT-4 has been employed in interactive conversational sup-
port. Abu-Rasheed et al. proposed an LLM-based chatbot that emulates peer-like mentorship
by incorporating knowledge graphs and human supervision. This model enhances explain-
ability, enabling the chatbot to clarify suggestions and provide educational recommendations
in a mentoring role [17]. Another application, EduChat, developed by Dan et al., integrates
retrieval-augmented question-answering, essay assessment, and Socratic teaching to offer per-
sonalized and compassionate support to students, teachers, and parents alike. By combining
educational and psychological knowledge, EduChat provides both academic and emotional
support, facilitating a more holistic approach to learning [18].

These Generative Al tools also contribute to automated performance assessment. Dai
et al. demonstrated that GPT models can evaluate student submissions and generate feedback
that is both readable and accessible, often surpassing the readability of feedback from human
tutors [19]. Lin et al. further explored a GPT-4-powered feedback system that classifies trainee
responses as correct or incorrect and provides explanatory feedback. The system automatically
generates template-based responses, with GPT-4 refining incorrect responses for clarity and
understanding [20]. Additionally, Zhang et al. found that LLMs can outperform traditional
knowledge-tracing methods in predicting learning outcomes, highlighting their potential to
enhance adaptive learning models, especially in adult literacy education [21].

3. Our Proposed Framework of Generative ITS
3.1. Framework and Functionality of Generative ITS

The Generative ITS framework is designed to provide adaptive, interactive, and highly
personalized educational experiences. As shown in Figure 2, it comprises four primary
components—Content Retriever, Data Analyzer, Instructional Advisor, and Feedback
Assessor—alongside a User Interface Module, which facilitates seamless student interaction.
Each component works in synergy to deliver a coherent and responsive learning environment.

<>

Student

User Interface Content Retriever @

domain knowledge

Question l

Explanation Instructional Advisor Data Analyzer
«— ¢ Data Analyzer
personalized instruction student interaction analyze
Hint l
Evaluation Feedback Assessor <
Evaluation performance

Figure 2. A demonstration of Generative Intelligent Tutoring System.

User Interface Module: This module acts as the central interaction platform for students.
It features tools such as Question, Explanation, Hint, and Evaluation, enabling students to
access tailored guidance and real-time feedback. For example, a student struggling with
a math problem might receive targeted hints or explanatory visuals directly through the
interface, fostering deeper understanding. The Feedback Assessor also integrates results into
this module, helping students to track progress and identify areas for improvement.

Content Retriever: This module holds the system’s domain knowledge, structured
by topics and subtopics (e.g., mathematics, physics, and history). It dynamically adjusts
content based on the student’s preferences and progress. For instance, a student focusing
on physics could receive progressively challenging content tailored to their learning goals.
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Data Analyzer: Acting as the system’s “brain”, the Data Analyzer continuously
monitors the student’s knowledge state and learning trajectory. By analyzing responses,
completion rates, feedback ratings, and time-on-task metrics, it generates a nuanced learner
profile. This profile guides subsequent system decisions, such as recommending targeted
practice exercises.

Instructional Advisor: Using data from the Data Analyzer and resources from the
Content Retriever, this module delivers customized learning materials. It adapts the
difficulty and type of content based on the student’s performance. For example, if a
learner demonstrates proficiency in fundamental algebra, the Instructional Advisor might
introduce more advanced concepts or problem-solving strategies.

Feedback Assessor: This module evaluates overall learning outcomes, synthesizing
insights from the Data Analyzer and Instructional Advisor. By generating detailed feed-
back reports, it supports both students and teachers in refining future learning strate-
gies. For instance, it may highlight recurring errors in problem-solving or recommend
additional resources.

Advanced Personalization Features: The Generative ITS employs Al-driven tech-
niques to personalize learning further. It generates questions spanning diverse cognitive
demands—recall, application, and analysis—and presents them in formats like multiple-
choice or essay questions. The system also provides contextual explanations and dynamic
hints, ensuring that the guidance aligns precisely with individual learner needs. For ex-
ample, hints are adjusted for specificity, offering more detailed guidance when students
struggle significantly while remaining concise for confident learners.

By supporting natural language conversations, the system simulates human-like
tutoring. These interactive dialogues enable the ITS to respond dynamically to diverse
topics, fostering engagement and critical thinking. For instance, a student studying history
might engage in a multi-turn Socratic dialogue exploring the causes of a historical event,
guided by the system’s contextual prompts.

3.2. Module Development with GPT-4 and [SON

The development of the Generative ITS leverages GPT-4 and the lightweight JSON
format to streamline modular system design and enhance scalability. Traditional ITS
development involves phases such as needs assessment, cognitive task analysis, initial
implementation, and evaluation [22]. These phases often require significant human exper-
tise, particularly during task analysis and module creation. However, GPT-4’s advanced
programming capabilities provide a unique opportunity to automate and optimize these
processes [23].

Why JSON? JSON (JavaScript Object Notation) is a widely adopted data format due
to its simplicity, readability, and efficiency. It has become the preferred choice for data inter-
change in ITS development, replacing XML for its lightweight nature [24]. JSON’s modular
structure facilitates the design of system components, enabling seamless integration and
scalability [25-27].

Module Design with GPT-4: Using GPT-4, the ITS modules are constructed as JSON
objects with 13 pre-defined keys: unique identifier, name, type, role, data requirements,
responsibilities, input sources, output targets, recommended models/modules, initial
prompts, target prompts, output keys, and notes. This standardized design ensures modu-
larity and compatibility across components. For instance, the Content Retriever module
might include fields specifying input from the Data Analyzer and outputs to the Instruc-
tional Advisor, maintaining alignment between modules. The initial prompt of the ITS is
shown in Table 1.
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Table 1. The initial prompt structure for Generative Intelligent Tutoring System (ITS) modules.

Section

Description

Role Definition

You are an expert in Intelligent Tutoring Systems (ITSs).

Task Description

Create 4 JSON objects, each representing a key model or module within an ITS. These
objects will collaborate to build a fully functional ITS for teaching purposes.

JSON Object Requirements

Each JSON object must contain the following 13 keys:

Unique identifier, typically an abbreviation of the module’s name plus a

BotlD random number.
name The name of the module.
type The model or module type within the ITS.
role The module’s job function.
data The type of data required.
responsibility The module’s specific tasks.

input_source

List of BotIDs from which data are retrieved. Use “missing” if none.

output_target

List of BotIDs to which data are sent. Use “missing” if none.

model_and_module_recommended

List of recommended models/modules if “missing” is found in “input_source” or
“output_target”.

initial_prompt

Initial instructions for the module to clarify its role and tasks, summarize interactions
with “input_source” and “output_target” modules, and ensure the output is in
JSON format.

prompt_to_target

Additional instructions when sending output to target modules, mentioning the
information being sent.

output_keys

List of possible keys in the JSON output.

notes

Additional explanations about the module.

Execution Steps

Steps to perform before generating the final output:

(a) Create Recommended Modules

For any module with a non-empty “model_and_module_recommended”, create
additional modules accordingly and include them in the list.

(b) Validate JSON Objects

Ensure each JSON object contains all 13 keys. If not, recreate it to include all keys.

(c) Update Module Relationships

If new modules are added, adjust “input_source” and “output_target” values to reflect
the correct relationships. Ensure consistency across all modules.

(d) Ensure Pure JSON Format

Present each module as a pure JSON object containing all 13 keys.

(e) Organize Modules

Combine all modules into a cohesive list, maintaining the correct order
and relationships.

(f) Repeat Validation

Repeat steps (a) to (e) until all modules have an empty
“model_and_module_recommended” field.

Note

Always provide the final list of modules in JSON format, each containing all 13 keys.

Automated Module Generation: GPT-4 facilitates automated creation and validation
of these modules. For example, when a module requires additional submodules (e.g., for
specialized feedback), GPT-4 generates these autonomously while ensuring adherence to
the JSON structure. Each module undergoes iterative validation to confirm completeness
and alignment with system objectives. This process reduces development time and ensures
a robust framework.

3.3. Evaluation Method for Generative ITS

To assess the effectiveness of the Generative ITS, this study adopts a comprehensive
multi-dimensional evaluation framework based on the work of Chrysafiadi et al. [28].
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The evaluation encompasses five key dimensions: effectiveness, engagement, adaptivity,
satisfaction, and recommendation accuracy.

Effectiveness: Measured through pre- and post-tests to determine knowledge gains.
For instance, students complete assessments before and after using the ITS, with improve-
ments in scores indicating the system’s impact on learning outcomes. Additional feedback
from students provides qualitative insights into perceived learning effectiveness [28-30].

Engagement: Evaluated using interaction data, such as time-on-task and feature usage
frequency, complemented by questionnaires assessing students’ interest and attention
levels. For example, sustained engagement during multi-turn dialogues suggests the
system’s ability to maintain learner focus [28,30].

Adaptivity: Assessed through system log tracking regarding how frequently and
effectively the ITS adjusts content based on individual needs. Feedback surveys capture
the perceived relevance of these adaptations, providing a balanced view of the system’s
responsiveness [28,30].

Satisfaction: Measured using metrics such as the Net Promoter Score (NPS) and
questionnaire responses regarding interface usability, clarity, and overall experience. For
example, students who rate the system highly in these areas are likely to recommend it to
peers, reflecting user acceptance [28,30].

Recommendation Accuracy: Evaluated by analyzing the alignment between system
recommendations and student needs. Corrective actions resulting from system feedback
are tracked alongside student perceptions of the guidance provided [28,30].

By adopting this rigorous evaluation methodology, the study demonstrates the Gen-
erative ITS’s ability to deliver personalized, adaptive, and engaging learning experiences
while providing actionable insights for further refinement.

4. A Case Study: Socratic Playground for Learning (SPL)

The Socratic Playground for Learning (SPL) is structured around a sophisticated
modular architecture that aligns with the four key components from the Generative ITS
framework: Content Retriever, Data Analyzer, Instructional Advisor, Feedback Assessor,
and User Interface. These modules collectively enable the SPL to deliver an intuitive
Socratic-method-based educational experience that fosters critical thinking, adaptability,
and personalized learning.

4.1. System Architecture of SPL

The SPL adopts a two-tiered architecture that operationalizes the Generative ITS
framework through scenario construction and interactive dialogue stages, enhancing both
critical thinking and independent learning [31]. Each stage is supported by specific modules
from the framework.

Constructing Learning Scenarios: The Content Retriever module dynamically selects
domain-relevant content and organizes it based on the learner’s objectives and preferences.
This enables users—both learners and educators—to create customized learning scenarios
either through descriptive text or by selecting options from a hierarchical structure (see
Figure 3). The structure incorporates domains, objectives, context, and concepts tailored
to target learner groups. For example, a user interested in psychology might select “Edu-
cational Psychology” as the domain and set the objective as understanding the “Impact
of Motivation on Student Learning”. The Content Retriever then generates a structured
learning scenario with associated contexts, such as “Role of Extrinsic Rewards in Moti-
vation”, and concepts like “Behavioral Reinforcement”. The Data Analyzer ensures that
the learner’s current knowledge state is considered during this process. It analyzes the
past learning behavior and achievements to recommend contextually relevant scenarios,
thereby increasing the alignment between the learning content and the learner’s needs.
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To Generate your SPL: Describe what you want to do. You can simply describe what problem you want to solve, or anything
you would like to learn. You may try one of the examples below. Make changes to fit your need.
[J Show examples

Al Mastery: Using Machine Learning for My Research

| am studying machine learning for my thesis and need basic understanding and real-world application.

Generate Socratic Playground |

(a) Customizing learning scenarios via descriptive text.

Configure Socratic Playground

Select your domain, subdomain, and objective. If not listed, type your own. SPL creates tailored learning environments. Enjoy learning!

Language (o] English +

Field O computer Science  +

Sub-field O Artificial Intelligence  +

Objective O 7o understand the methodologies for training and testing Al models  +

Learning Context  Q Try {0 understand the importance of data preprocessing in Al model training.  +

Concept/Skill o Dimensionality Reduction +
Learner O Al practitioners  +
Learning o Al Practitioner Community Events  +

Environment
Pedagogy O Test your understanding (experimental): Assessing your understand by Generative Al.  +

Brief Content @ Help Students & More Help [J Confusion Help [J Use Avatar Create SPL

(b) Customizing learning scenarios via hierarchical selection.

Figure 3. Methods for customizing learning scenarios in the SPL system. (a) Customizing learning
scenarios via descriptive text, enabling users to specify their learning objectives and areas of interest.
(b) Customizing learning scenarios via hierarchical selection, enabling users to define parameters
such as field, sub-field, objectives, and context to create tailored learning environments.

Interactive Dialogue Environment: Once a scenario is established, the Instructional
Advisor and Feedback Assessor modules collaboratively support a multi-turn Socratic
dialogue driven by a sequence of wh-questions (What, Why, How, etc.) (see Figure 4).
The dialogue starts with the Instructional Advisor presenting questions tailored to the
learner’s context based on input from the Data Analyzer. The learners respond, and the
Feedback Assessor evaluates their responses in real time, providing iterative feedback
to prompt deeper thinking, correct misconceptions, and expand understanding. The
Instructional Advisor dynamically adjusts the difficulty and type of follow-up questions
based on learner progress. For instance, if a learner consistently demonstrates proficiency
in foundational concepts, subsequent questions target higher-order thinking skills. The
feedback loop remains responsive, ensuring that each interaction mirrors human-like
tutoring with nuanced adjustments to questions and explanations.
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e

Underfitting

Bias-Variance
Tradeoff

Regularization
Cross-validation
Training Set
Validation Set
Test Set
Hyperparameters

Feature Selection

@

Overfitting

What is it? Why use it? How to use it? Who uses it? When to use it?

The Socratic method of teaching involves asking a series of questions to stimulate critical thinking and illuminate ideas. It is a form of cooperative argumentative dialogue between
individuals, based on asking and answering questions to stimulate critical thinking and to draw out ideas and underlying presumptions.
*Imagine a virtual workshop on the principles of supervised learning, focusing on overfitting in machine leaming algorithms.*

What do you understand by the term "overfitting” in the context of machine learning?

| —

@

Sure! Let's continue with the Socratic method using multiple-choice questions.

Instructor: "What do you think happens when a machine leaming model is trained too well on the training data?"

What do you think when a il ing model is trained too well on the training data?

A. The model performs well on new, unseen data.

B. The model may not perform well on new, unseen data.
C. The model becomes more generalized.

D. The model's accuracy increases on the test data.

| —

@ That's correct! When a model is trained too well on the training data, it may not perform well on new, unseen data. This is known as overfitting.

Instructor: "Why do you think overfitting happens?"

Why do you think overfitting happens?
A. The model learns the noise in the training data.
B. The model is too simple.
C. The training data is too small.
D. The model is well-regularized.

Ask a question, or respond to my question.

Figure 4. Interactive dialogue interface for the SPL system.

Prompt Engineering: The SPL architecture leverages GPT-4’s generative capabilities,
with prompt engineering playing a central role in aligning the learner’s input with system-
generated responses. The prompts are carefully designed to ensure that the interaction is
both contextually appropriate and pedagogically effective, enabling the SPL to deliver a
coherent and dynamic learning experience. Each prompt follows a standardized format,
as shown in Figure 5, which specifies the key components required for effective system
functionality. These components include the knowledge component (KC), learning context,
target user, and instructional style. For instance, the Content Retriever uses the KC and
context fields to generate domain-specific materials, while the Instructional Advisor lever-
ages the target and the objective to adjust the difficulty and type of questions. Additionally,
the Feedback Assessor iteratively refines prompts based on learner interactions, ensuring
personalized and contextually relevant feedback. This design enables the SPL to deliver

dynamic, scalable, and pedagogically sound learning experiences.



Electronics 2024, 13, 4876

10 of 17

Your answers, both for now and for future interactions, will be presented in
%[theLang]%.

You are producing some basic concepts, called knowledge components relevant to
%[ theKC]%, in %[ theDomain]% for a group of %[ theTarget]%.

Please give me %[ theNumber]% concepts relevant to %[ theDomain]%. output
each separately, in pure json, following this format:

"theAvatar":"%[theAvatar]%",
"theLang":"%[theLang]%",
"theKC":%[the_concept]%,
"theType":"%[theType]%",
"theTarget":"%[theTarget]%",
"theTutorName":"%[ theTutorName]%",
"theContext":"%[theContext]%",
"theEnvironment":"%[theEnvironment]%",
"theUserName" :"%[theUserName]%",
"theStyle":"%[theType]l%",
"theObjective":"%[theObjective]%"

Making sure each of the entry in its own, pure, json.
Do not put all in one array. one json for each of %[ theNumber]% concepts.

And the last but not least, making sure the value of the json objects are in
%[theLang]%. in English only if you are not sure.

Make thekKc short (less than 3 words if the language is English).

Figure 5. Structured prompt template for lesson creation regarding SPL.

4.2. A Pilot Evaluation Method

To evaluate the SPL system’s effectiveness, engagement, adaptivity, satisfaction, and
recommendation accuracy, a pilot study was conducted using both questionnaire-based and
experimental methods. This multi-dimensional evaluation aimed to capture both objective
learning outcomes and subjective user perceptions across key areas of system performance.

4.2.1. Experimental Design

This study involved 30 first-year students from the Faculty of Education at Central
China Normal University, all majoring in Early Childhood Education. None of the partici-
pants had passed the CET-4 (College English Test Band 4), a standardized test widely used
in China to assess undergraduate English proficiency, indicating limited English skills.

The study aimed to develop foundational English skills in vocabulary, grammar, and
sentence construction. The experimental design followed a single-group pre-test/post-
test format over one week. The participants completed a pre-test at the start to assess
their baseline English skills. Each day, they used the SPL system for 30-40 min in a quiet
computer lab equipped with stable internet connectivity. All the exercises were completed
on desktop computers provided by the research team. Instructors were present throughout
the sessions to ensure smooth system operation and to provide technical support when
needed. To maintain a focused learning environment, non-study-related activities were
prohibited during the sessions. The learners’ characteristics are summarized in Table 2.
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Table 2. Age and gender data of participants.

Age (Years) Female (1) Male (n) Total ()
18 4 5 9

19 5 5 10

20 5 4 9

21 2 0 2

Total 16 14 30

The evaluation consisted of two parts: objective learning gains and subjective user
experience. The objective learning gains were measured by comparing the pre-test and post-
test scores to evaluate the knowledge improvement. The subjective user experience was
assessed through a questionnaire (see Table 3) covering perceived learning effectiveness,
engagement, adaptivity, satisfaction, and recommendation accuracy, which were assessed
using standardized questionnaire items rated on a 5-point Likert scale (1 = Strongly Disagree
to 5 = Strongly Agree).

Table 3. The User Experience Questionnaire for the SPL system.

Dimension Question
Qo1 The learning activities in SPL helped me achieve my learning objectives.
Effectiveness Q02 I feel that my understanding of the subject has improved through SPL.
Q03 The feedback provided in SPL effectively facilitated my understanding.
Qo4 I was fully engaged and focused during my interactions with SPL.
Engagement Q05 I felt motivated to continue using SPL during the learning process.
Q06 I found the learning activities in SPL interesting and stimulating.
Qo7 SPL adjusted the learning content according to my responses and progress.
Adaptivity Qo8 The feedback provided by SPL was relevant to my needs and learning state.
Q09 I felt that the learning experience in SPL was personalized to my needs.
Q10 I am satisfied with my overall learning experience using SPL.
Satisfaction Q11 The interface and design of SPL met my expectations for ease of use.
Q12 I'would recommend using SPL for learning to others.

. Q13 The system’s recommendations in SPL helped me effectively learn the content.
Recommendation . .
Accurac Q14 The content recommended by SPL met my learning needs and expectations.

Y Q15 I trust the system’s recommendations to guide my learning process.

4.2.2. Data Analysis

The data from the pre- and post-tests and questionnaires were analyzed to evaluate the
effectiveness of the SPL system in enhancing the English proficiency and user experiences.
Paired t-tests were conducted separately for the three components of the pre-test and post-
test—vocabulary (scored out of 40), grammar (scored out of 30), and sentence construction
(scored out of 30)—to assess the knowledge improvement in each area. Additionally, the
questionnaire responses were analyzed to examine the participants’ perceptions across five
dimensions: learning effectiveness, engagement, adaptivity, satisfaction, and recommen-
dation accuracy. Descriptive statistics, including mean scores and response distributions,
were calculated to summarize the participants’ evaluations of the system.

4.3. Results and Discussion
4.3.1. The Pre-Test and Post-Test

As shown in Table 4, the pre-test and post-test results demonstrate significant improve-
ments in all the measured areas after using the SPL system. The paired ¢-tests revealed that
the participants achieved higher scores in vocabulary, grammar, and sentence construction
following the intervention. Specifically, the mean vocabulary score increased from 26.4
(5D =9.2) t0 30.7 (SD =9.0), with a t-value of —9.8 (p < 0.05). The grammar scores improved
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from 18.2 (SD =7.3) to 23.1 (SD = 6.5), with a t-value of —8.1 (p < 0.05). Similarly, the
sentence construction scores increased from 19.3 (SD = 8.3) to 23.2 (SD = 6.5), with a f-value
of —5.4 (p < 0.05). The sum of all the scores showed the most substantial improvement,
rising from 63.9 (5D = 11.8) to 77.0 (5D = 11.1), with a t-value of —12.5 (p < 0.05).

Table 4. Paired samples t-test results for pre-test and post-test scores.

Measure Pre-Test Mean (SD) Post-Test Mean (SD) t df y

Vocabulary 26.4(9.2) 30.7 (9.0) -98 29 <0.05
Grammar 18.2(7.3) 23.1(6.5) -81 29 <0.05
Sentence Construction  19.3 (8.3) 23.2 (6.5) —54 29 <0.05
Sums 63.9 (11.8) 77.0 (11.1) —12.5 29 <0.05

The significant improvements suggest that the personalized and adaptive exercises
provided by the SPL addressed participants’ learning gaps effectively. The enhanced
vocabulary scores indicate improved word retention and understanding, which are critical
for language proficiency. These results are consistent with prior research demonstrating
that personalized learning systems effectively tailor instruction to individual needs, leading
to improved learning efficiency and outcomes [32,33].

The targeted focus on individual weaknesses may have facilitated efficient knowledge
acquisition, as supported by evidence from personalized tutoring studies [34]. However,
the lack of a control group in the study limits causal inferences. The improvements
could partially stem from repeated testing or greater familiarity with the assessment
format. Additionally, while statistically significant, it remains uncertain to what extent
these improvements translate into practical language use or long-term retention, a concern
also raised in the personalized learning literature [35]. Future studies should address
these limitations by incorporating diverse performance-based assessments and establishing
control groups to validate the effects further. Despite these limitations, the SPL system
demonstrates strong potential as a personalized learning tool, emphasizing the importance
of personalization in achieving meaningful learning outcomes.

4.3.2. The User Experience Questionnaire

The questionnaire results, visualized in Figure 6, provide insights into participants’
perceptions of the SPL system across five dimensions: effectiveness, engagement, adaptiv-
ity, satisfaction, and recommendation accuracy. Among these dimensions, effectiveness
received the highest mean score (9.70), indicating that the participants strongly perceived
the system as helpful in achieving their learning goals. Engagement (9.53) and adap-
tivity (9.43) also scored highly, reflecting the system’s ability to maintain attention and
provide personalized learning experiences. Recommendation accuracy (9.07) was well-
rated, suggesting that the system effectively aligned its recommendations with participants’
needs. Satisfaction received a slightly lower but still positive score (8.70), indicating room
for improvement in the user experience design. The high ratings for effectiveness and
engagement underscore the SPL system’s ability to deliver an impactful and engaging
learning experience. These results highlight the potential of adaptive systems to create
tailored educational experiences that address individual learner needs [36]. The positive
ratings for adaptivity and recommendation accuracy suggest that the participants appreci-
ated the system’s ability to customize the learning content and offer relevant suggestions,
which aligns with research emphasizing the importance of personalization in educational
technologies [34].

Figure 7 illustrates the percentage distribution of the scores across these dimensions,
further reinforcing the system’s strong performance in effectiveness, engagement, adap-
tivity, and recommendation accuracy. However, the lower satisfaction score points to
areas for improvement, such as enhancing the interface design, resolving usability issues,
or providing more comprehensive user guidance. The research on personalized learn-
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ing technologies underscores the importance of a user-centered design to optimize both
functionality and learner experience [37].
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Figure 6. SPL system evaluation across five user experience dimensions.
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5. Discussion
5.1. Contributions and Implications

This study makes significant contributions to the integration of GPT-4 into Intelligent
Tutoring Systems (ITSs), demonstrating their potential to revolutionize personalized learn-
ing. The modular framework developed in this research, along with its implementation
through the Socratic Playground for Learning (SPL), showcases measurable improvements
in learner outcomes, particularly in vocabulary acquisition, grammatical accuracy, and
sentence construction. By dynamically adapting content and feedback to individual learner
profiles, the Generative ITS framework effectively addresses personalized learning needs,
outperforming traditional ITSs in flexibility and adaptability.

The practical implications are substantial. The use of lightweight data formats like
JSON and the scalability of GPT-4 significantly enhance the accessibility and efficiency
of ITS development. This modular approach provides a clear, replicable pathway for
deploying Generative Al in diverse educational settings, from formal classrooms to self-
directed online learning platforms. Additionally, the integration of Socratic methodologies
promotes critical engagement with content, leading to deeper understanding and improved
long-term retention. These contributions offer a transformative model for advancing ITS
development and adapting it to a wide range of educational contexts.

5.2. Limitations and Future Work

The integration of GPT-4 into an ITS provides significant advantages, particularly in
personalization and scalability. By dynamically tailoring content and feedback to individual
learners, GPT-4 facilitates personalized learning, enhancing engagement and outcomes [38].
Its natural language capabilities further enable human-like, interactive learning environ-
ments, making educational experiences more engaging [29]. Additionally, GPT-4 supports
scalability by automating the generation of instructional materials and feedback, reduc-
ing educators’ workload and broadening accessibility across diverse educational settings.
These advantages align with studies that demonstrate the superior effectiveness of ITSs
compared to traditional instruction methods [39].

However, challenges remain. High computational requirements may restrict the use of
GPT-4 in resource-constrained environments, such as rural schools. Its potential to produce
inaccurate or biased content underscores the need for rigorous validation and oversight [38].
Furthermore, effective system design and prompt engineering demand significant expertise
to align the system with specific pedagogical goals [2]. Overcoming these challenges is
critical to ensuring equitable access and the reliability of educational content.

While these technical and operational challenges highlight areas for improvement,
the limitations of this study also warrant attention. This research provides a conceptual
framework for a GPT-4-powered Generative ITS but lacks empirical evaluation. Future
research should address these gaps by focusing on real-world implementation and testing in
diverse educational contexts, involving both students and educators. Comparative analyses
of Generative ITSs, the existing ITS systems, and the traditional learning approaches would
offer valuable insights into their practical impact and effectiveness [40].

Additionally, future studies should explore the versatility of the proposed framework
by extending its application to diverse academic disciplines, including STEM fields, the arts,
humanities, and social sciences. Such interdisciplinary applications would demonstrate
the framework’s adaptability and utility across varied educational contexts. Address-
ing students” emotional factors, such as learning anxiety and motivation, is essential to
fully understand the system’s influence on user experience. Incorporating standardized
questionnaires and advanced AI methods to assess and respond to these factors could
significantly enhance the system’s adaptability and relevance. Expanding the application
of Generative ITSs across diverse academic disciplines—including the arts, humanities,
and social sciences—would further demonstrate their versatility and utility [41]. Enhance-
ments in Al techniques, such as machine learning, computer vision, and advanced natural
language processing, could improve the system’s accuracy, error detection, and responsive-
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ness to learners’ needs [19]. Integrating pedagogical strategies like collaborative learning,
game-based learning, and personalized instruction would foster deeper engagement and
sustained motivation, improving the overall learning experience [42].

Finally, the growing use of Al in education necessitates addressing ethical and social
concerns. Issues such as algorithmic bias, data privacy, accountability, and transparency
require careful attention. Establishing comprehensive guidelines and policies for respon-
sible Al use will ensure equitable, secure, and ethically sound learning environments.
Addressing these concerns proactively is essential to support the sustainable integration of
Al in education [43].

6. Conclusions

The results demonstrated significant improvements regarding the learner outcomes,
confirming the value of Generative ITSs in providing personalized and adaptive educa-
tional experiences. The primary contributions of this research include a modular framework
designed for scalability and adaptability, a replicable evaluation methodology, and empiri-
cal evidence supporting the potential of Generative ITSs to expand access to high-quality
education, particularly in underserved settings. As Generative Al continues to advance,
this framework is poised to evolve alongside emerging technologies, paving the way
for increasingly sophisticated applications and unlocking new opportunities for scalable,
personalized learning.
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