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Abstract

ASSISTments, a platform dedicated to enhancing classroom learning through in-
telligent tutoring systems (ITS), has developed the Conversational AI Tutoring (CAIT)
chatbot. CAIT leverages randomized control trials (RCTs) to evaluate various instruc-
tional strategies and improve student learning outcomes. In this project, we extended
CAIT’s functionality with a focus on assessing its effectiveness in real classroom set-
tings. By collecting data from real student interactions while solving middle school
math problems, we developed a conversational analyzer to process and interpret these
conversations. Although the results were inconclusive due to limited student data, this
work lays the foundation for future research, with the goal of optimizing CAIT’s impact
on learning.
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Introduction

Technological advancements in education have profoundly reshaped how students learn, and
teachers deliver instruction. Over the past two decades, online platforms and intelligent tu-
toring systems (ITS) have emerged as powerful tools to enrich classroom learning, provide
immediate feedback, and help educators tailor instruction to each student’s needs. Despite
these innovations, many existing systems rely heavily on structured, pre-programmed feed-
back, which may not fully capture the complexities of real-time human interaction. At the
same time, conversational agents—commonly called chatbots—have evolved from rudimen-
tary text-based programs into sophisticated, Al-driven tools capable of engaging in dynamic,
human-like conversations. Leveraging large language models (LLMs) offers a promising av-
enue for bridging the gap between structured educational platforms and the more fluid, in-
teractive nature of one-on-one tutoring. Modern LLMs can interpret complex student queries,
generate tailored hints or explanations, and even adapt the tone or detail of a response to suit a
learner’s understanding. This capability allows for unprecedented personalization, giving stu-
dents just-in-time support while freeing teachers to focus on higher-level instructional tasks.
This report details the development of CAIT (Conversational Al Tutor), a new framework de-
signed to merge traditional ITS functionalities with the conversational flexibility of advanced
chatbots. We explore how CAIT integrates teacher-written content—hints, explanations, and
detailed solutions—with novel LLM-driven scaffolding, which breaks problems into smaller
steps to guide students toward mastery. Additionally, we discuss how CAIT employs random-
ized control trials to evaluate which feedback forms are most effective for fostering long-term
retention. In the following pages, the Background section provides historical context on ITS
and chatbots, introduces key milestones in artificial intelligence, and outlines the capabilities
and limitations of LLMs. The Methodology then explains the core technical components of
CAIT and how we structured our randomized experiments. Next, we describe the Research
and Testing phase, detailing our data collection and evaluation procedures. Finally, we present
Results from the initial trials and offer insights on how this approach might shape the future
of Al-driven education.






Background

2.1 | Introduction

The evolution of Intelligent Tutoring Systems (ITS) and advancements in artificial intelligence
have transformed the landscape of personalized education. From early cognitive tutoring tools
to modern Al-powered chatbots, these systems have increasingly mimicked human tutoring
by providing adaptive feedback and real-time support. This section explores the development
of ITS, the impact of platforms like ASSISTments, and the rise of chatbots and large language
models (LLMs) in education. By understanding the history and capabilities of these technolo-

gies, we can better appreciate their role in enhancing learning experiences.

2.2 | Intelligent Tutoring Systems

Intelligent tutoring systems (ITS) are computer-based instructional platforms designed to em-
ulate the effectiveness of a one-on-one human tutor. By offering personalized feedback and
targeted instruction, ITS can adapt to each student’s pace and learning style, similar to the
benefits of a traditional classroom setting. Research indicates that ITS can achieve learning
gains comparable to those of expert human tutors, making them a powerful tool for broaden-
ing access to personalized education (VanLEHN). The main advantage lies in real-time data
collection and analytics, which enable continuous improvement in both the system’s teaching

strategies and content delivery (ScienceDirect).

2.3 | ASSISTments

ASSISTments, founded by Neil Heffernan and Cristina Heffernan in 2003, originated from a
practical challenge many educators faced: tracking individual student performance while still
delivering whole-class instruction. As former middle school math teachers, the Heffernans
recognized that teachers needed a more efficient way to collect data on each student’s skill
level and deliver timely feedback. Before ASSISTments, efforts in using Artificial Intelligence
in Education had led to systems like Ms. Lindquist (sometimes referred to as Ms. Linguist),

noted as the “first ITS to use the internet to perform experiments on learning” (Heffernan and
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Chapter 2. Background 2.4. Overcoming Implementation Barriers

Koedinger). Building on these insights, ASSISTments emerged with an important innovation:
integrating randomized control trials (RCTs) into the tutoring process (Heffernan abdHeffer-

nan).

2.4 | Overcoming Implementation Barriers

One early obstacle was teacher buy-in. Many educators were hesitant to disrupt their estab-
lished curriculums with randomized trials. The Heffernans addressed this by aligning AS-
SISTments with standardized testing preparation for the Massachusetts Comprehensive As-
sessment System (MCAS). By offering immediate value—helping students practice for high-
stakes tests and giving teachers real-time performance data—ASSISTments secured its initial

user base.

2.4.1 | Evidence Based Design

Through embedded RCTs, ASSISTments gather high-quality data on which interventions—such

as specific hints, scaffolding, or feedback modalities—yield the greatest learning gains.

2.4.2 | Teacher Centric Focus

The platform streamlines the grading process and generates detailed reports, enabling teachers
to quickly identify which students need additional assistance on particular skills.

2.4.3 | Scalability

As a not-for-profit, ASSISTments collaborates with researchers and schools nationwide to re-
fine its features and pedagogical methods, ensuring system improvements are grounded in

empirical evidence.

By combining the benefits of Intelligent Tutoring Systems with a strong research infrastruc-
ture, ASSISTments has demonstrated how adaptive, data-informed educational platforms can
effectively support teachers and learners. This approach helps address the perennial challenge
of delivering personalized instruction at scale—an essential goal in modern K-12 education.

2.5 | Chatbots

Conversational agents, or chatbots, have significantly evolved since their creation, progressing
from simple rule-based programs to sophisticated artificial intelligence systems. Early chatbots
like ELIZA relied on pattern matching and keyword substitution to simulate conversation, pro-
viding a glimpse into the potential of human-machine interaction despite their limited func-

tionality. Over time, natural language processing (NLP) and machine learning advancements
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Chapter 2. Background 2.5. Chatbots

have enabled chatbots to interpret more complex user inputs and respond with greater con-
textual understanding. Today, modern chatbots can handle tasks ranging from basic customer
service to advanced educational support, reflecting improvements in Al algorithms and the
integration of vast training data (Gobiet).

2.5.1 | Early Chatbots: ELIZA/PERRY

The origin of chatbots can be traced back to the 1960s when ELIZA was created. Developed
by Joseph Weizenbaum at MIT, ELIZA was defined as a mimic of a Rogerian psychotherapist.
Using pattern-matching techniques and substitution methodology, ELIZA reformulated user
questions into questions of its own to simulate conversation. Its knowledge and capability
were quite limited. However, its simple responses were effective enough to engage users in
meaningful conversation, marking one of the first demonstrations of human-machine interac-
tion (Gobiet).

Building upon ELIZA, PARRY developed by psychiatrist Kenneth Colby in 1972, took chat-
bots a step further. PARRY attempted to simulate patients with schizophrenia by resembling
the thinking of an individual with the disease. PARRY works by assigning weights to verbal
inputs, which are then changed via a system of assumptions, attributions, and “emotional re-
sponses.” For the time, PARRY was considered quite robust and useful as when tested with
the Turing test and with real psychiatrists, PARRY was indistinguishable from real patients
(Gobiet).

2.5.2 | Advancements in NLP: ALICE

Introduced in 1995 and created by Richard Wallace, ALICE improved upon the ELIZA chatbot
system by monitoring conversations. ALICE (Artificial Linguistic Internet Computer Entity)
made significant progress as a chatbot, and Wallace was determined to improve iteratively
upon it. Whenever ALICE was presented with an unknown/unrecognizable phrase, Wallace
would add a response to ALICE so that the case could be handled in the future. This schema of
iterative improvement made ALICE extremely flexible compared to older chatbots (Gisonna).

2.5.3 | Modern Chabots: SIRI, Alexa and Cortana

Siri, introduced by Apple in 2011, was one of the first voice-activated digital assistants inte-
grated into a smartphone. Siri uses machine learning and NLP to understand user queries and
execute tasks such as sending messages, setting reminders, providing navigation assistance,
and more. Over the years, Apple has improved Siri’s contextual understanding and integra-
tion with third-party applications, enhancing its usability (McDonough).

Amazon’s Alexa, launched in 2014, became a dominant force in smart home technology.
Unlike Siri, which is primarily embedded in mobile devices, Alexa operates through Amazon
Echo and other smart devices, allowing users to control home automation systems, play music,

check the weather, and more. Alexa’s success is largely attributed to its extensibility through
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third-party "skills," enabling developers to expand its functionalities beyond basic commands
(Volle).

Microsoft’s Cortana, released in 2014, was designed to provide productivity-focused assis-
tance, integrating deeply with Microsoft’s suite of services, including Outlook and Windows
10. Cortana aimed to enhance workplace efficiency by setting reminders, managing sched-
ules, and providing proactive suggestions. However, due to competitive challenges, Microsoft
has gradually scaled back Cortana’s presence in consumer products, repositioning it towards

enterprise solutions (Corden).

2.5.4 | The Rise of Al: Generative-Al-Based Chatbots

Generative Al-based chatbots, powered by large-scale models like OpenAl’s GPT, Google’s
Bard, and Meta’s Llama, have revolutionized conversational Al by enabling dynamic, human-
like responses. Their ability to continuously learn and improve over time allows for more
personalized and relevant interactions, making them versatile across customer service, educa-
tion, healthcare, and entertainment domains. However, challenges such as ethical concerns,
bias, and misinformation remain crucial research areas as these technologies evolve (Wangsa
et al.). Unfortunately, Microsoft has officially discontinued Cortana as a standalone applica-
tion for Windows 10 and Windows 11. Support for Cortana in these operating systems ended
in late 2023 (Corden).

2.6 | Large Language Models

A large language model (LLM) is an advanced artificial intelligence (Al) system designed to
interpret, generate, and manipulate human language to closely mimic natural communica-
tion. These models are built using deep learning techniques—particularly Transformer ar-
chitectures—and trained on vast datasets containing text from books, articles, websites, and
other sources (OpenAl Mikolov et al.). Given the complexity and variability of human lan-
guage—including nuances like grammar, syntax, context, and cultural references—LLMs of-
ten require billions to trillions of parameters to function effectively. These parameters act
as weighted connections in neural networks, enabling the recognition of patterns, inference
of meaning, and generation of coherent responses. Unlike traditional rule-based AI models,
which follow predefined instructions, or purely statistical NLP models that rely on probability-
based predictions, LLMs can adapt dynamically and perform a wide variety of language-based
tasks without specific programming for each task (NVIDIA).

When trained on diverse and extensive corpora, LLMs develop a broad understanding
of human language, making it possible to answer questions, summarize text, translate lan-
guages, generate creative content, and assist in coding or reasoning tasks. This flexibility
makes them valuable in numerous domains—from business automation and research to ed-
ucation and entertainment (Good Sapiens and Stanford HAI). The concept of the modern LLM
can be traced back to 2001 when Yoshua Bengio first proposed using word embeddings in

neural language models (Bengio et al.). However, the idea did not gain widespread popularity

6



Chapter 2. Background 2.6. Large Language Models

until 2013 with the development of word2vec by Tomas Mikolov and colleagues, which signif-
icantly improved contextual language representation (Mikolov et al. Toward Data Science).
This shift from rule-based Al to deep learning-driven NLP set the stage for the revolutionary
Transformer architecture introduced by Google in 2017, a design that underpins many contem-
porary LLMs (Vaswani et al.).

Shortly thereafter, Google unveiled BERT (Bidirectional Encoder Representations from Trans-
formers) in 2018, allowing models to interpret words based on the context of both preceding
and succeeding text—an advancement that markedly enhanced tasks like question answer-
ing and sentiment analysis (Devlin et al. NVIDIA). In 2020, OpenAl’s GPT-3, boasting 175
billion parameters, pushed the boundaries further by introducing few-shot learning, enabling
the model to generalize effectively across tasks without extensive fine-tuning (OpenAl). Three
years later, GPT-4 refined these capabilities with multimodal processing, allowing it to han-
dle text and images simultaneously while providing enhanced reasoning and factual accuracy
(OpenAl). These advancements firmly established LLMs as powerful business, productivity,
and research tools. LLMs excel in text generation, language translation, and conversational
Al, offering context-aware responses and the ability to handle diverse, domain-specific con-
tent (Stanford HAI). They streamline workflows, enhance productivity, and assist in creative
and analytical processes. However, these models are computationally expensive to train and
run, and they can inadvertently reflect biases present in their training data or produce inaccu-
rate information if prompts are ambiguous. Ethical concerns—such as misinformation, privacy
risks, and potential misuse—highlight the need for responsible development and deployment.
Despite their sophistication, LLMs do not possess genuine understanding or reasoning; rather,
they rely on statistical pattern recognition to generate outputs (OpenAl Stanford HAI).

In summary, LLMs represent a culmination of cutting-edge innovations in deep learning
and natural language processing. Their rapid evolution—from early word embedding tech-
niques to massive Transformer-based architectures—has revolutionized how machines process
human language. Yet, the field continues to grapple with significant challenges around compu-
tational demands, fairness, transparency, and ethical governance. Addressing these concerns
will be essential for harnessing LLMs’ full potential across education, business, healthcare, and

beyond.






Methodology

3.1 | Introduction

CAIT was conceived as a next-generation Intelligent Tutoring System that integrates tradi-
tional teacher-designed content with the adaptive capabilities of large language models. Whereas
earlier ITS solutions often rely on strictly scripted feedback loops, CAIT leverages NLP and
Al-driven message classification to provide responses more closely resembling one-on-one tu-
toring conversations. This hybrid design enables CAIT to maintain the pedagogical rigor of
teacher-crafted hints, explanations, and scaffolding while adding the flexibility needed to ad-
dress diverse student inquiries in real time. At the core of CAIT’s approach are four principal
components: a Message Classifier, a Message Handler, a Logging System, and a Randomized
Control Trial (RCT) Controller. The Message Classifier uses simple pattern-matching algo-
rithms (for profanity filtering and other basic checks) and more advanced LLM-based classifi-
cation to interpret the intent behind each student query. The Message Handler then delivers
the appropriate response—whether a teacher-written hint, a scaffolded breakdown of a com-
plex problem, or a GPT fallback message when the query falls outside predefined categories.
Meanwhile, a robust Logging System captures every interaction for subsequent analysis and
improvement. Finally, the RCT Controller manages controlled experiments that systematically
vary instructional strategies—such as hints versus scaffolding—to measure their impact on
learning outcomes. Central to the methodology is an emphasis on continuous refinement. By
collecting detailed logs of student interactions and outcomes, the system can be iteratively im-
proved through data-driven insights. Feedback loops with teachers ensure that newly gener-
ated scaffolding or GPT responses remain educationally sound, and real-time analytics guide
ongoing decisions about which interventions to prioritize. This blend of structured experi-
mentation and dynamic Al functionality sets CAIT apart, allowing it to adapt to individual

learners and evolving pedagogical goals.

3.2 | Message Classifier and Handler

CAIT employs a sophisticated message classification system to effectively assist students to

determine the best way to provide support. When a student submits a message, it is cate-
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Chapter 3. Methodology 3.2. Message Classifier and Handler

gorized into several predefined classifications: hints, explanations, Common Wrong Answer
Feedback (CWAF), scaffolding, or GPT fallback. This structured approach ensures that stu-
dents receive the most relevant guidance through teacher-written hints, step-by-step scaffold-
ing, or Al-generated responses. By leveraging a fine-tuned LLM prompt for fallback cases,

CAIT enhances learning while maintaining a structured and engaging tutoring experience.

3.2.1 | Handling Messages Based on Classification

The student’s messages can be submitted to the answer box or texted to the CAIT message
box. These messages must be classified so CAIT can determine how best to answer them.
The classifications are hints, explanations, CWAF, scaffolding, and GPT fallback. These clas-
sifications allow CAIT to use preexisting teacher content where applicable while leveraging
newfound LLMs. Based on the classification, follow a procedure to help the student in the best

way possible.

3.2.2 | Intro Message

When a student first selects a problem CAIT will introduce itself with a welcoming message
and greet the student. This message has gone through multiple iterations of testing to max-
imize emotional neutrality. Past iterations of the intro message were to "friendly" which re-

sulted in students communication with CAIT in a non-educational way.

A\ ASSISTments Eamon Worden @

ne rectangie measures 2 Ui

@ Provlem 2 Part B Problem 4 @
s

o, find the scale facto
2
On the grid, draw a scaled copy of quadrilateral ABCD with a scale factor 3
Problem 3: Part A

6 legs. Elena and|

o Problem 3: Part B
Explain your reasoning
A C
Problem 4
On the grid, draw a scaled cop..

Problem 5 D
Solve each equation mentally
Problem 6: Part A
Lin has a scale model of a 4
Submit your work using the tools below.
Hi, | am CAIT. Feel free to ask any
questions. If you are confused, feel

. B INSERT IMAGE B TAKE PHOTO s DRAW | GRAPH
free to say 'help'.
HELP File Edit View Insert Format Tools Table
0307 PM 12pt vB I US EvEvAvLSY RH 90 vBY Q%X ©

Figure 3.1: Example of a CAIT Intro Message
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Chapter 3. Methodology 3.2. Message Classifier and Handler

3.2.3 | Hints

Hints are the most basic form of support a student can get. Questions usually have multiple
hints that will help the student get closer to the answer. A hint will give the student a little
more information to help them solve the problem. Each hint will reduce a student’s score on
the problem by one-third of a point out of one. Later on, we will mention our Randomized
Control Trials, to determine if hints or scaffolding help students learn better. These hints were

written by teachers to try to recreate classroom learning as much as possible.

A\ ASSISTments Eamon Worden @

Problem 2: Part A -
One rectangle measures 2 unit. Problem 2 @

e ‘F"rob\emZ Part B Part A

o, find the scale factor. If no,

One rectangle measures 2 units by 7 units. A second rectangle measures 11 units by 37 units. Are these two figures scaled versions of each other?
Problem 3: Part A

Ants have 6 legs. Elena and
@ Problem 3:Part B v

Hi, | am CAIT. Feel free to ask any O No
questions. If you are confused, feel
free to say 'help’

< PREVIOUS PROBLEM NEXT PROBLEM >
help

0419 PM

Here's hint 1/3 to get you started:
To find if your figures are scaled
versions of each other you need to
convert them to ratios.

HELP

Figure 3.2: Example of a CAIT Hint

11



Chapter 3. Methodology 3.2. Message Classifier and Handler

3.2.4 | Explanations

Explanations are another kind of support that gives students information about a problem.
They are different from hints because they give details about how to solve the whole problem
and the final answer. Explanations on the CAIT platform are authored by teachers.

A ASSISTments Eamon Worden @

Problem 2: Part A -
One rectangle measures 2 unit. Problem 2 @
9 ‘F:rob\em 2:PartB Part A

so, find the scale factor. If no.

One rectangle measures 2 units by 7 units. A second rectangle measures 11 units by 37 units. Are these two figures scaled versions of each other?
Problem 3: Part A

Ants have 6 legs. Elena and
o2 Problem 3: Part B -

Hi, | am CAIT. Feel free to ask any O No
questions. If you are confused, feel
free to say 'help'.

0419 PM
< PREVIOUS PROBLEM NEXT PROBLEM >
help

0419 PM

Here's an explanations for you:
First scale the first rectange by a
factor of 5.5. Notice you get 11 by
38.5. Since a1l by 38.5 and 11 by 37
unit rectanges are not equivalent,
you can see the answer is no.

HELP

Figure 3.3: Example of a CAIT Explanation
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3.2.5 | Common Wrong Answer Feedback

Common Wrong Answer Feedback (CWAF) is a support that aims to help students who enter
a common wrong answer. For example, if a question is 1/2 + 1/3 and the student answers 2/7
then there would likely be CWAF for the questions. This support only activates after a student
has answered a question and will give a hint to assist the problem where they went wrong
so they can correct their mistake. Common wrong answer feedback on that CAIT platform is

authored by teachers.

3.2.6 | Scaffolding

Scaffolding is a new support that breaks the problem down into individual steps to help
“walk” the student through the problem. This helps a student break a multistep problem
into subproblems, that are easier than the overall problem. If the student gets the part right
then they can move on, however, if they get it wrong there are hints and explanations for the
sub-problems to help the student learn. This way we can teach the student the steps of the
problem and the order to take them to solve the original question. The scaffolding is generated
by GPT, but teachers have approved it.

A\ ASSISTments Eamon Worden @
Problem 2: Part A -
One rectangle measures 2 units by 7 units. A second rectangle measures Tl units by 37 units. Are these two figures scaled versions - Problem 3 ®
help *
— Part A

Ants have 6 legs. Elena and Andre write equations showing the

We need to determine if the equations written by Elena and Andre correctly represent the relationship between the proportional relationship between the number of ants, a, to the

number of ants and the number of ant legs. Each ant has 6 legs, so we need to find the correct equation that shows this

proportional relationship. number of ant legs . Elena writes a =6/ and Andre writes | = s a

Do you agree with either of the equations?
Try this question.

(O Andreis correct

What is the correct ion that the i i the number of ants, a, and the number of ant
legs, I?
QO Elenais correct
O Bothare correct
(O Neither are correct
I=6a
03176M
Great job, keep it up. Here's the next question: Why is Elena's equation a = 6l incorrect? < PREVIOUS PROBLEM NEXT PROBLEM >

[ IT SUGGESTS EACH LEG HAS 6 ANTS ]

[ IT SUGGESTS EACH ANT HAS 6 LEGS J

[ IT SUGGESTS EACH ANT HAS 1/6 OF A LEG ] -

Figure 3.4: Example of a CAIT Scaffolding Support
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Scaffolding Component

Initialize Scaffold
Level: X = 1.

Process Scaffold X.

Display Scaffold X or
Display General Outline
and Scaffold X.

Receive
Student
Answer .
No

Does it Reces o~ Student has Ask student
match No Display sub eceive No >n No if they
N : Student answer
tutoring X tutoring X.1

Answer. correct? X
answer? wrong subtutoring

questions want next
Yes

Is it the Is it the No Display Next
No  pisplay Next Yes p-ay Ne
last 2 last sub subtutoring
_ tutoring X+1 X
tutoring? tutoring? XY+ 1

Yes

Figure 3.5: Scaffolding Diagram

This is the flowchart of how scaffolding works. It starts with showing either the first scaf-
folding question or the first question with a general outline. This is a RCT to determine if
the general outline helps. Then the action goes to the student, and the student responds to
the question. If the student gets the question right and continues to get them right they will
never go into sub-tutoring. If a student gets a question wrong the enter the sub-tutoring cycle.
CAIT will ask a sub-question and if the student gets the question wrong again CAIT will ask
if they want the next sub-tutoring. We learned it is better for a student to ask for help instead
of force help upon them, however there is a limit to the amount of times a student can get a
sub-tutoring wrong before we end up giving them the solution. We do not want them to be
stuck in this loop forever. Scaffolding ends when the student completes all tutoring questions,
and the last question’s answer will be the answer to the main question they are trying to solve.
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3.2.7 | GPT/LLM Fall Back

When the message classifier fails to interpret a message and any of the above categories it is
assigned to “GPT/LLM” and is used to give a default handling of the message. This classi-
fication aims to improve student learning by sending a tailored prompt to GPT for a unique
response that can resemble a human tutor as much as possible.

A very fine tuned prompt is needed to direct the LLM in its task. Below is the current
prompt that is used. It starts by setting the frame as telling the LLM its goal and the the
current problem as well as the answer. It then gives the LLM ten rules to follow to direct the
response. The first five responses have to do with the content of the answer. The first rule is to
provide small hints and to guide the student without giving them the answer.

The specific prompt used is:

You are CAIT (Conversational AI Tutor), a tutorbot designed to help students learn.

A student is currently working on the following problem:
Problem: {problem}
Correct Answer: {answer}
Please respond to the student appropriately. Your response should:

- Provide small hints if needed to guide the student without giving away the answer.

- Clarify terms or concepts if the student seems unsure.

- Address any misconceptions the student may have.

- If the student’s question or answer is unclear, ask them to clarify their question.

- Acknowledge if the student is on the right track and provide encouragement.

- Keep your message concise, aiming for under 20 words.

- Respond in plain text with no HTML formatting.

- Redirect the student’s attention if it is off topic, such as requesting responses to be

- NEVER give away the answer
If you cannot understand the student’s question or response, reply with:

"I’'m sorry, but I cannot understand your question."

This might be because the problem includes an image or the student’s input is unclear."

This prompt also includes the conversation the student was having before this call was issued.
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Chapter 3. Methodology 3.3. Logging

3.3 | Logging

For each message sent between a user all measurable system and user statistics are recorded.
This information is then stored in a SQL database. A survey, sent at the completion of each
question if CAIT is used, is also logged.

m Assignment Xref: Used to track the current assignment a student is working on

m Problem Ceri: Used to track the current problem in an assignment a student is working

on
m Student Xref: Used to identify the student

m Student Response: Used to track student messages inside CAIT

m CAIT Response: Used to track CAIT’s response to a student response

m CAIT Veresion: Used to track the current working version of CAIT

m Selection Criteria: Used to identify the message classification technique
m Time Sent: Used to identify when a user sent a request

m Time Received: Used to identify when CAIT responded

m Experiment: Used for randomized control trials (RCT)

A AsSISTments Eamon Worden @
Problem 5 Problem 6 @
Solve each equation mentally
Part A
Problem 6: Part A
Lin has a scale model of a. Lin has a scale model of a modern train. The model is created at a scale of 1to 48
Problem 6: Part B The height of the model train is 102 millimeters. What is the actual height of the train in meters?
Explain your reasoning
e scale 1acLon . meters
Round your answer to the thousandths place
That is correct. Here's the next
question: Calculate the actual
height of the train in < PREVIOUS PROBLEM NEXT PROBLEM >

millimeters using the scale
factor.

S

How helpful was the tutoring
for this question?

VERY HELPFUL
HELPFUL
JUST OK

UNHELPFUL

VERY UNHELPFUL

p‘ IIIII

Figure 3.6: Example of a CAIT Survey
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3.4 | Randomized Control Trials

ASSISTments integrates Randomized Control Trials (RCTs) into CAIT to systematically eval-
uate the effectiveness of different instructional supports. In these trials, students can be ran-
domly assigned various types of support within CAIT, such as hints, step-by-step scaffolding,
or additional similar but not the same practice problems. This randomization ensures unbiased
comparisons between different interventions, allowing for a data-driven assessment of student
learning outcomes. Additionally, CAIT introduces an element of randomness in its responses,
particularly when students request help. For instance, when a student asks for assistance,
CAIT provides scaffolding 7 out of 8 times if it is available, as previous research suggests it
is more effective than traditional hints and explanations. Student progress is then tracked to
measure the impact of each support on learning outcomes. Additionally, some students may
receive surveys to assess their experiences and perceptions of the system. ASSISTments goal
to make teaching and learning better through evidence-based claims is supported by leverag-
ing RCTs. By utilizing RCTs, ASSISTments ensures that CAIT continuously improves based

on data-driven insights, optimizing the way it enhances student learning
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Results, Testing, and Future Work

4.1 | Conclusion

To assess the effectiveness and usability of CAIT an evaluation methodology was implemented.
This approach aimed to measure CAIT’s impact on both teachers and students by examining
its integration, usability, and effectiveness in real-world learning environments. The evalu-
ation process was designed to capture both qualitative and quantitative insights through a
combination of structured testing, student interactions, teacher comments, and data analysis.
By gathering feedback from educators and learners, we aimed to refine CAIT’s capabilities and
ensure its alignment with classroom needs. The following sections outline the testing proce-

dures, results, and future improvements based on these evaluations.

4.2 | Testing

CAIT was deployed in a controlled environment for evaluation with teachers and students.
The testing process included the following stages

m Teacher Testing: Teachers were introduced to CAIT and trained on its features and ca-
pabilities to assess its integration within ASSISTments. After training, they used CAIT
within ASSISTments lessons, noting its usability, effectiveness, and classroom integra-
tion.

One-on-one interviews were also conducted between the development team and the
teachers. During these interviews, teachers were asked to simulate student interac-
tions, evaluate system responses and robustness, and give overall feedback about the
system. Their feedback ensured continuous iterative improvements based on real class-

room needs.

m Student Interaction: Under the supervision of the integrated teacher, the students began
using CAIT in real-world learning scenarios. Students were instructed to complete their
work normally with the option to use the CAIT system, and were not forced to use it. The
system guided them through various questions, offering feedback and support. Then,

these interactions were recorded to analyze effectiveness, engagement, and accuracy.
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4.3 | Results

A key part of assessing CAIT’s effectiveness was a proprietary conversation analyzer that uti-
lized the raw database logs from test runs to provide actionable insights. By examining each
message exchanged between students and CAIT-along with information on hints, scaffolding,
GPT fallback usage, and correctness-the analyzer provided a snapshot of student progress and
engagement. These reports were used to identify how often students asked for help, which

hint formats were most effective, and how consistently students reached correct answers.

Select User: ~ 8ef63f5b-Obae-479a-a514-62e080121a7b v Select Problem:  PRABETNQ v Select CAIT Version: ~ Select a version v Clear Selections  View Conversation
Assignment_xref Problem_ceri Student Xref Student Message Cait Response Selection Criteria Time Sent Time Received Time Created At CAIT Version
40d8f5f2-138f-4eb7-9e59- 8ef63f5b-9bae-479a-a5f4- Would like help from:
PRABETNQ help HELP: SCAFFOLDING = 2024-11-21 18:01:11 2024-11-21 18:01:11 2024-11-21 18:01:11 V1.2.15
16b362220be7 62¢080121a7b
scaffolding

Would you like to start on
one of these steps? Bond

40d8f5f2-138f-4eb7-9e59- 8ef63f5b-Obae-479a-a5f4- earns 105% interest,
PRABETNQ scaffolding SCAFFOLDING 2024-11-21 18:01:28  2024-11-21 18:01:28 | 2024-11-21 18:01:28 V1.2.15

f6b362220be7 62e080121a7b Calculate total bond value,
Find 105% of $150,
Calculate bond's total value

Here is a hint: 105% interest
means the bond's value
increases by 105% of its

original value. Now please

try this question: What does
4008f5f2-138f-4eb7-9e59- 8f6315b-0bae-479a-a5f4-
PRABETNQ Bond eams 105% interest it mean for the bond to SCAFFOLDING 2024-11-2118:01:30  2024-11-2118:01:30 | 2024-11-21 18:01:30 V1.2.15

60362220be7 62e080121a7b
earn 105% interest? The

bond's value increases by
105% of its original value,

The bond's value decreases

by 105% of its original value

Figure 4.1: Conversation analyzer database view

Student: 8ef63f5b-9bae-479a-a5f4-62e080121a7b
CAIT Version: V1.2.15
Assignment: 40d8f5f2-138f-4eb7-9e59-f6b362220be7

Problem: PRABETNQ

Would you like to start on one of these steps? Bond earns 105% interest, Calculate total bond value, Find 105% of $150, Calculate bond's
total value

11/21/2024, 6:01:28 PM

Bond earns 105% interest

11/21/2024, 6:01:30 PM

Here is a hint: 105% interest means the bond's value increases by 105% of its original value. Now please try this question: What does it
mean for the bond to earn 105% interest? The bond's value increases by 105% of its original value, The bond's value decreases by
105% of its original value

11/21/2024, 6:01:30 PM

Figure 4.2: Conversation analyzer chat view
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4.4 | Future Work

ASSISTments is founded on the idea of continuous research to determine the best ways to
help students learn. To continue on this goal it is important to improve on the work we have
started. The conversation analyzer is an important tool for judging the effectiveness of CAIT,
but currently is inefficient. This is in part due to problems with logging our data. The scores of
the students on each problem are not logged properly, which makes it more difficult to judge
if a student is learning better with the help of CAIT. By improving logging and collecting more
data we can more accurately judge the usefulness of CAIT. The outcome of the RCTs that were
implemented are unclear due to the lack of data to analyze. CAIT is still in its early stages
and has only been tested a few times in real classrooms. Most of the current conversations
are from testers rather than actual students. With more use in the future the results of the
currently implemented RCTs will be more clear. They could also lead the way to more RCTs
being developed in the future to further research other parts of CAIT.
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