
2025 Proceedings of the ISCAP Conference   ISSN: 2473-4901 
Louisville, KY  v11 n6430 

 

©2025 ISCAP (Information Systems and Computing Academic Professionals) Page 1 
https://iscap.us/proceedings/ 

 
 AI-Powered Study Assistant for Exams: QuizAI 

 

 
Thi Hong Anh Nguyen 

nguyenthihonganh@cityuniversity.edu 
MS in Computer Science (MSCS) 

 
Sam Chung 

chungsam@cityu.edu 
 

School of Technology & Computing (STC) 
City University of Seattle (CityU) 

 

 
Abstract  

 
The advancement of Artificial Intelligence (AI) has created numerous opportunities to enhance the self-
learning experience. Automated quiz generation has attracted attention as a way to support self-

learning, particularly in digital education environments. However, existing systems often face key 
limitations: they frequently lack references, fail to provide meaningful feedback, and do not adapt 
content to individual needs. These shortcomings hinder the systems' effectiveness in promoting deep 
understanding and engagement. This paper introduces QuizAI, a novel AI-powered quiz generation 
system designed to address these issues. QuizAI can generate multiple-choice questions (MCQs) and 
open-ended questions based on user-provided sources, including PDF files and web pages. By utilizing 
Retrieval-Augmented Generation (RAG) and Large Language Models (LLMs), the system ensures that 

questions are grounded in their source material and accompanied by supportive feedback. While QuizAI 
demonstrates comparable latency in generating dynamic content, it has produced a 50% duplication 
rate in five test documents, particularly when processing a larger number of questions per request. 
Despite these limitations, QuizAI achieves moderate to strong performance in terms of response time 
and question diversity, effectively complementing existing systems in the field. The proposed system 
enhances learning outcomes, supports recollection, and helps reduce learners' anxiety in self-paced 
educational settings. 

 
Keywords: Quiz Generator, AI-Quiz Maker, RAG, Personalized Practice, LLM-Powered Learning, 
Knowledge Evaluation 
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1. INTRODUCTION 
 
Continuous learning is essential for success, 
especially in today's rapidly changing digital 

landscape (Hennekam, 2015). London and 
Smither (1999) emphasize that empowered self-
development and continuous learning are crucial 
for individuals to adapt to new environments, 
enhance their skills, and achieve personal growth. 
With the rise of technology and the availability of 

vast amounts of data, numerous learning 
platforms and applications have emerged to help 
learners acquire new skills and specific 
knowledge, often without the need for formal 
education. This allows learners to study at their 
own pace while following a structured pathway.  
 

However, despite the abundance of educational 
tools, many are primarily focused on subjects 
such as linguistics and mathematics. In contrast, 
the increasing demand for tech-related skills, 
particularly in fields like computer science, has 
exposed a gap in the availability of learning 
resources for technology-focused areas. As the 

industry continues to evolve, a growing number 
of learners are seeking to build or reinforce their 

technical knowledge to remain competitive in the 
job market. 
 
Laguna et al. (2021) indicate that there is 

growing interest in skill enhancement within the 
tech industry. This increasing demand is driven 
by individuals who are looking to improve their 
employability or address skill gaps through 
industry certifications and post-secondary 
credentials. 
 

Supporting this trend, Ehlinger and Stephany 
(2023) conducted a large-scale analysis of over 
eleven million job postings across the UK from 
2018 to mid-2024. Their findings reveal that 
employers are placing greater emphasis on 

specific, demonstrable skills rather than 
traditional academic degrees, especially in the 

field of Artificial Intelligence (AI). 
 
Many professionals are motivated to pursue 
certifications, but they often face significant 
challenges when preparing for exams. One major 
issue is the sheer volume of content, which 

includes textbooks, online articles, and technical 
documentation. Learners must sift through 

complex materials to identify key concepts within 
tight time constraints, which can be 
overwhelming. This challenge is particularly 
tough for individuals with weaker academic 

backgrounds, who may struggle to succeed in 
virtual learning environments due to a lack of 
interaction and engagement. As noted by Baum 
and McPherson (2019), students who are less 
academically prepared are especially vulnerable 
in fully online courses. 

 
While resources such as practice tests and study 
groups are available, they often do not provide 
the personalized and adaptive revision that many 
learners require. Most current tools lack 
intelligent, on-demand question generation and 
do not offer actionable feedback. According to 

Patterson et al. (2024), most digital assessment 
platforms provide limited feedback and 
insufficient support for open-ended questions, 
which are crucial for evaluating deep 
understanding. 
 
Additionally, popular platforms like Duolingo, 

Socratic, and ALEKS are effective in their 
respective fields, but they do not meet the 

specific needs of learners preparing for technical 
certifications. These tools primarily focus on 
general education and do not cover the 
foundational knowledge required in areas such as 

software development, data science, or 
cybersecurity. 
 
To foster better engagement, Hirulkar and 
Athawale (2024) introduced a gamified multiple-
choice quiz generator, promoting a competitive 
and collaborative learning environment. While 

effective in boosting participation, the system 
lacks essential features for personalized revision 
and alternative question types beyond multiple-
choice questions (MCQs). 
 

To overcome these limitations, this paper 
introduces an AI-powered quiz generator that 

dynamically creates personalized quizzes based 
on the learner's study materials, particularly PDFs 
and websites. By extracting key concepts and 
topics from the content, the system generates 
relevant multiple-choice questions that adapt in 
real time based on the learner's performance. 
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As users engage with the quizzes, the system 

adapts the difficulty of the questions and targets 
specific areas based on the frequency of correct 
and incorrect answers. This feature allows for 

focused revision by emphasizing the concepts 
that the learner struggles with the most. 
Additionally, the tool provides immediate and 
detailed feedback, including contextual 
explanations and direct references to the source 
material. This approach not only encourages 
active and targeted learning but also empowers 

users to track their progress and effectively 
address any knowledge gaps. By transforming 
static content into interactive, personalized 
assessments, the system aims to enhance 
understanding and retention. 
 

2. BACKGROUND 
 
Assessment is a vital component of a student's 
learning journey, helping to evaluate knowledge 
and reinforce learning through active recall and 
feedback. Among the various assessment 
methods, quizzes prove to be an effective tool for 

enhancing memory retention and engagement. 
They create a low-pressure, interactive 
environment that encourages students to reflect 
on their understanding of the material. However, 
effective learning relies not only on the format of 
the assessment but also on the quality of the 
feedback provided. Supportive feedback has been 

shown to positively influence students' mental 
preparation and self-assessment (Patterson et 

al., 2024). Incorporating mechanisms that 
simulate human interaction can enhance 
students' learning experiences and progress. 
 

Recent advancements in Artificial Intelligence 
(AI), particularly in Large Language Models 
(LLMs), have facilitated the generation of 
questions. Several studies have developed 
systems capable of creating multiple-choice and 
open-ended questions from text inputs (Kurdi et 
al., 2019; Mulla & Gharpure, 2023; Das et al., 

2021; Hirulkar & Athawale, 2024). Despite these 
advancements, existing systems often lack 
effective feedback mechanisms and tend to 
generate generic questions due to the limited 

availability of datasets. 
 

3.  RELATED WORK 

 
The necessity for upskilling has become 
increasingly critical, particularly in the tech and 
AI industries. Laguna et al. (2021) emphasize 
that hiring managers prioritize technical skills 
when evaluating candidates, making certifications 

an essential complement to project experience 
and work history. Similarly, Ehlinger and 

Stephany (2023) note a shift towards skill-based 

hiring in the AI and green technology sectors, 
where digital certifications serve as important 
proof of an individual’s technical abilities. 

Together, these studies highlight the growing 
demand for skill development through 
certifications. 
 
Although online courses are accessible, Baum and 
McPherson (2019) argue that human interaction 
and engagement are essential for achieving 

positive learning outcomes. To improve the 
learning experience, they recommend 
incorporating feedback, competition, and 
collaboration as key features of these platforms. 
Supporting this idea, Patterson et al. (2024) 
demonstrate that providing real-time, supportive 

feedback during tests can help reduce anxiety and 
enhance students' self-assessment. These 
studies suggest that learning platforms should 
integrate encouraging feedback to maintain 
students' motivation and improve learning 
efficiency. 
 

One effective way to enhance student 
engagement is by using quizzes. Yang et al. 
(2021) found that testing, including quizzes, 
significantly boosts academic achievement in 
various educational settings. Additionally, El-
Hashash (2022) demonstrated that weekly 
quizzes help to improve both attendance and 

engagement among students. These findings 
indicate that incorporating quizzes can be a 

successful strategy for promoting active learning. 
 
Recent advancements in AI have facilitated the 
automatic generation of questions. 

Comprehensive reviews by Kurdi et al. (2019) 
and Mulla and Gharpure (2023) highlight the 
latest methodologies in question generation, 
focusing on the integration of feedback, control of 
question difficulty, and the use of neural 
architecture such as sequence-to-sequence 
(seq2seq) models. Das et al. (2021) introduced a 

system that generates and evaluates subjective 
questions, promoting deeper understanding 
rather than mere recall from students. 
Additionally, Hirulkar and Athawale (2024) 

developed an AI-based quiz generator that 
creates multiple-choice questions based on 
selected topics and difficulty levels. However, the 

broad selection of topics may limit the 
effectiveness of targeted learning. 
 
Recent studies are exploring the adjustment of 
question difficulty in educational settings. 
Alkhuzaey et al. (2023) conduct a systematic 

review of methods for predicting the difficulty of 
generated questions and advocate for 
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personalized quiz adaptations that are based on 

students' performance. Tomikawa et al. (2024) 
utilize transformer models along with Item 
Response Theory (IRT) to dynamically manage 

question difficulty. Additionally, Fu et al. (2025) 
introduce the ConQuer framework, which uses 
external knowledge to ensure that question 
generation is grounded, though the system is 
limited by predefined concepts. 
 
Effective feedback mechanisms are crucial for 

online educational tools. Tobler (2023) discusses 
a generative AI-based system for automated 
grading, addressing challenges such as LLM 
hallucinations and the need for verified 
references. Additionally, Quizzio, Junior (n.d.) 
offers personalized feedback and tracks user 

progress, although it is limited by the length of 
user-submitted text. Together, these works 
emphasize that feedback should be immediate, 
relevant, and accurate to enhance learning 
outcomes. 
 
Numerous educational resources exist in 

unstructured formats, such as PDFs, which 
necessitate effective methods for content 
extraction. Siegler (2025) introduces LlamaParse, 
a tool designed to parse complex documents into 
usable formats suitable for Retrieval-Augmented 
Generation (RAG) systems. Additionally, Google 
Cloud (n.d.) outlines strategies for semantic 

search and content extraction within its RAG 
pipeline for PDFs. 

 
Despite significant advancements, current AI-
powered educational tools still face notable 
limitations. These systems often rely on 

predefined content, lack interactivity, and fail to 
offer personalized experiences. Furthermore, the 
evaluation of answers is not yet perfect, as 
pointed out by Tomikawa et al. (2024), due to 
limitations in the datasets used. Future systems 
must accurately analyze diverse content sources 
and generate meaningful assessments while 

providing real-time, positive feedback to enhance 
learning engagement. 
 

4. APPROACH 

 
Figure 1 outlines the main use cases available to 
users of QuizAI. Users will be authenticated and 

authorized to upload documents in either PDF or 
URL format. They can generate quizzes based on 
the uploaded documents and access previously 
created documents and quizzes. 
 

 
Figure 1: QuizAI Use Case Diagram 

 
4.1. User Requirements 
QuizAI requires users to authenticate before 

accessing its core functionalities. This 
authentication process protects users' privacy 
and digital footprints by ensuring that only 
authorized individuals can access their study 
materials and activity history. Additionally, it 
enhances data management and system integrity 
by preventing the misuse of resources. 

 

Authentication is managed through Firebase 
Authentication, a service that provides identity 
management and access control for web and 
mobile applications. Firebase is a Backend-as-a-
Service (BaaS) platform developed by Google, 

offering tools and services for building web and 
mobile applications. In QuizAI, users can create a 
new account using their email and password, or 
sign in using supported federated identity 
providers. 
 
4.2. Design 

The activity flow is outlined in Figure 2 in the 
Appendix. Users can either log in or register to 
access the core features. Once authenticated, 
users are able to upload a document in either PDF 

or URL format. 
 
This input is then processed using LlamaParse 

(via LlamaCloud), a parsing service created to 
extract structured text and metadata from 
unstructured sources. Each page or section is 
extracted and saved to Firebase. 
 
The parsed content is organized into smaller, 

semantically meaningful chunks using 
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LlamaIndex (via LlamaCloud). This framework 

links these chunks to their corresponding 
embeddings. The embeddings are then stored in 
a vector database based on FAISS (Facebook AI 

Similarity Search). FAISS is an open-source 
library developed by Meta that enables efficient 
similarity searches for embeddings of multimedia 
documents. By creating searchable indices for 
these embeddings, FAISS allows the system to 
quickly retrieve semantically relevant chunks. 
 

Once embeddings are stored, the system uses 
Retrieval-Augmented Generation (RAG), which 
integrates document retrieval with language 
generation to improve the process. RAG 
facilitates accurate and grounded question 
generation from the uploaded and parsed 

documents. 
 
After the user has chosen the question type and 
number of questions, the system will retrieve 
relevant document chunks and generate 
questions. For open-ended questions, user 
answers are assessed to evaluate correctness and 

quality. The user receives feedback with direct 
citation to the original page or section.  
 
Figure 3, the Class Diagram located in the 
Appendix, outlines the main entities stored in the 
database. The User collection holds the user's 
metadata, while authentication information is 

securely managed by Firebase authentication and 
is therefore not included in the User collection. 

The Document collection contains metadata for 
documents and ensures that only the file owners 
can access the content. Lastly, the Question 
collection stores the questions generated by 

QuizAI, allowing users to revisit previously 
generated questions if they wish to attempt them 
again. 
4.3. Implementation 
The core REST API endpoints are described 
below: 
• POST /pdf/upload - Accepts PDF input and 

stores the structured result. 
• POST /html/upload – Accepts a webpage 

URL and stores the structured result. 
• POST /process - Processes parsed content 

and indexes using LlamaIndex. 
• GET /chunks/retrieve - Retrieves the most 

relevant chunk. 

• GET /pdf/page - Returns the specific page or 
section from the original document. 

• POST /quiz/generate - Generates multiple-
choice or open-ended quizzes based on the 
document. 

• POST /answer/evaluate - Evaluates user-

provided answers for open-ended questions. 
 

These APIs enable clear separation of concerns 

and make the backend extensible for any future 
additions. 
 

4.4. Technologies Used 
Table 1 lists the technologies used for 
implementation. 
 

Frontend ReactJS, TailwindCSS 

Backend FastAPI (Python) 

Authentication 
& database 

Firebase authentication & 
Firestore 

AI/ML LlamaCloud 

LLM Groq, model llama-3.1-8b-
instant 

Table 1: Technologies Used 

4.5. Deployment architecture 

 
Figure 4: Deployment Diagram 

 
The frontend and backend of the project can be 
deployed using GitHub Codespace, a cloud-based 
environment that provides access to the project's 

code and ready-to-use coding environments, as 
illustrated in Figure 4. This setup incorporates 
several tools and technologies. 
 
For user authentication, Firebase Authentication 
is employed, supporting both the Email/Password 
method and third-party Google accounts. User 

data is stored using Firestore, a service from 
Google Cloud, which handles internal information, 
including user profiles, documents, and quizzes. 
 

Quizzes are generated in collaboration with 
LlamaCloud for RAG, OpenAI for embeddings, and 
Groq for Large Language Model support. All 

external tools can be accessed via the API 
provided and secret keys. 
 

5. DATA COLLECTION 
 
Figure 5 in the Appendix illustrates the Input-

Process-Output framework necessary for QuizAI. 
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Input: 

Users are prompted to upload PDFs or provide 
URL links from which they want to generate 
quizzes. 

 
Process: 
Both PDF files and webpage links must be 
processed before use. Uploading a PDF will trigger 
LlamaParse to extract text, while URLs will require 
BeautifulSoup, a Python library used for parsing 
HTML and XML documents into plain text. 

 
The extracted text is then cleaned by removing 
unnecessary content, such as headers, footers, 
references, and copyright information. SpaCy, a 
library for tokenization and named entity 
recognition, is employed to extract key concepts 

from the document, aiding in the cohesive 
generation of quizzes. 
 
Output: 
The cleaned text and the associated concept 
metadata are then input into LlamaIndex to 
create index objects, which are essential for 

future retrieval steps. 
 

6. DATA ANALYSIS 
 
To assess the performance and reliability of 
QuizAI, we use both qualitative and quantitative 
analyses, each focusing on different aspects of 

system reliability, efficiency, and learning 
effectiveness. Data is gathered by testing FastAPI 

endpoints through both automated and manual 
methods. 
 
Quantitative Analysis: 

The quantitative analysis aims to evaluate the 
efficiency of the system using the following 
metrics: 
API Response Time: The response times for key 
endpoints—specifically, document processing, 
quiz generation using a large language model 
(LLM), and answer evaluation using an LLM—are 

recorded to calculate the average response time. 
Figure 6 in the Appendix illustrates the 
methodology used to calculate the API endpoint 
response time, while Figure 7 in the Appendix 

presents the actual response times for each API 
endpoint. 
 

Question uniqueness refers to the ratio of 
duplicated to unique quiz questions within a 
document, which helps evaluate the diversity and 
relevance of the generated quizzes (see Figure 8 
in the Appendix). On average, the repetition rate 
exceeds 50% for each generation. This issue is 

illustrated in Figure 9 of the Appendix, where the 
output of the LLM may contain several duplicated 

questions. There are two main reasons for this 

duplication: 
1. The prompt given to the LLM does not require 

strictly unique questions and answer 

generation. 
2. The summarization of the document limited 

the context available for the LLM, resulting in 
fewer unique questions being produced. 

 
The quantitative analysis offers insights into 
system responsiveness and content diversity, 

which are essential for keeping users engaged. 
 
Qualitative Analysis: 
The qualitative analysis focuses on evaluating the 
accuracy and consistency of outputs generated by 
the LLM based on the following metrics: 

 
Document Reference Accuracy: The 
generated questions are compared to the original 
document to assess their correctness. The 
Section ID provided by the endpoints 
(/quiz/generate) can be verified using both 
manual and automated methods, as illustrated in 

Figure 10 of the Appendix. 
 
Scoring Consistency: Figure 11 in the Appendix 
shows how the LLM evaluates and scores a user's 
response to an open-ended question. 
Semantically similar user responses to the same 
question can be used to determine the reliability 

of the answer evaluation mechanism. Consistency 
is measured using the standard deviation of 

scores, as demonstrated in Figure 12 of the 
Appendix. Through testing, the system 
consistently assesses answers with an average 
score of 60 and delivers the same feedback for 

the same question and answer. 
The quantitative analysis offers insights into the 
factual alignment, coherence, and reliability of 
the system's outputs. 
 

7. FINDINGS 
 

QuizAI demonstrates efficient processing across 
its core endpoints. The average response times 
for each endpoint are shown in Figure 7 in the 
Appendix. The results reveal that the system 

experiences moderate latency, with slightly 
longer processing times when handling large 
documents. However, it remains effective in 

maintaining user engagement, especially when 
compared to QuizMasterAI by Hirulkar and 
Athawale (2024), which has longer processed 
periods. In comparison to Quizzio (Junior), QuizAI 
maintains similar latency while generating 
dynamic content. 
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The quality of question generation is assessed 

based on the frequency of duplicate questions 
created in response to user requests. In testing 
five documents, the system produced a 

duplication rate of 50%, particularly when a 
higher number of questions were requested. This 
limitation arises primarily from two factors: (1) 
the current prompt does not ensure strict 
uniqueness, and (2) document summarization is 
truncated, limiting the context available for 
question generation. With a shorter 

summarization length, the process lacks enough 
information to generate a diverse set of 
questions.  
 
In comparison, ConQuer by Fu et al. (2025) faces 
challenges with redundancy control and is 

constrained by predefined concepts. On the other 
hand, V-Doc by Ding et al. (2022) does not 
effectively address question diversity or system 
performance.  
 
The current system is limited to PDFs and web 
URLs, excluding other commonly used formats 

such as Word documents, PowerPoint 
presentations, and various multimedia sources. 
Additionally, while answer evaluation is 
consistently scored for responses that are 
semantically similar, the current mechanism may 
not accurately capture subtle nuances. 
 

Despite these limitations, QuizAI demonstrates 
moderate to strong performance in both response 

time and question diversity, making it a valuable 
complement to existing systems in the field. As a 
result, QuizAI serves as an effective tool for 
personalized learning and assessment. 

 
 

8. CONCLUSION 
 

This paper introduces QuizAI, an AI-powered quiz 
generation system aimed at helping students and 
learners master content through personalized 

assessments. By utilizing RAG and LLMs, QuizAI 
converts PDFs and webpage URLs into interactive 
quizzes for personal assessment. 
 

QuizAI addresses several key challenges in self-
study environments, such as content overload 
and the lack of direct engagement and feedback. 

Through both quantitative and qualitative 
analyses, the system demonstrates its ability to 
generate useful quizzes for recall and effectively 
assess users' answers. However, one challenge 
remains: question duplication, which is influenced 
by current prompt engineering and context 

truncation. Additionally, the research scope—
specifically, focusing on an AI-powered study 

assistant for exams—prevented us from tackling 

pedagogical and ethical considerations. 
 
Future efforts will concentrate on improving 

question duplication, refining answer evaluation 
scoring, and supporting a wider variety of content 
formats. Broader testing across diverse domains 
and user groups is necessary. We are also 
considering a refined user interface and user 
experience (UI/UX) along with an interactive 
game mode that allows users to compete against 

each other for enhanced engagement. 
Furthermore, we need to explore the pedagogical 
implications of QuizAI: How will it influence 
learners' critical thinking, engagement, and exam 
performance? What ethical considerations, such 
as AI bias and fairness in scoring, must we 

address? 
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APPENDIX 

 

 
Figure 2: Activity Diagram 
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Figure 3: Class Diagram 

 

 
Figure 5: Input – Process - Output (IPO) Diagram 
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Figure 6: Automated Script for Measuring API Response Time 

 

Endpoint Average time (s) 

/pdf/process 2.064079999923706 

/url/process 2.2693395614624023 

LlamaIndex process 60 

/quiz/generate (5 MCQ quizzes) 11.553621768951416 

/quiz/generate (5 open-ended quizzes) 7.378465175628662 

/answer/evaluate 5.7 

Figure 7: API Response Time 
 

 
Figure 8: Automated Script for Measuring Uniqueness  
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Figure 9: Repetitive Question Generation 
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Figure 10: Automated Script for Measuring Reference Accuracy 

 

 
Figure 11: LLM Score for Open-Ended Question Evaluation 
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Figure 12: Automated Script for Analyzing System’s Consistency 

 
 

 
 


