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Abstract 

Miscommunication between instructors and students is a significant obstacle to post-
secondary learning. Students may skip office hours due to insecurities or scheduling 
conflicts, which can lead to missed opportunities for questions. To support self-paced 
learning and encourage creative thinking skills, academic institutions must redefine 
their approach to education by offering flexible educational pathways that recog-
nize continuous learning. To this end, we developed an AI-augmented intelligent 
educational assistance framework based on a powerful language model (i.e., GPT-3) 
that automatically generates course-specific intelligent assistants regardless of disci-
pline or academic level. The virtual intelligent teaching assistant (TA) system, which 
is at the core of our framework, serves as a voice-enabled helper capable of answer-
ing a wide range of course-specific questions, from curriculum to logistics and course 
policies. By providing students with easy access to this information, the virtual TA can 
help to improve engagement and reduce barriers to learning. At the same time, it can 
also help to reduce the logistical workload for instructors and TAs, freeing up their time 
to focus on other aspects of teaching and supporting students. Its GPT-3-based knowl-
edge discovery component and the generalized system architecture are presented 
accompanied by a methodical evaluation of the system’s accuracy and performance.

Keywords: Artificial Intelligence, Natural language processing, Machine learning, 
Transformers, GPT-3

Introduction
One of the main causes of the knowledge disparities that lead to learning gaps among 
both undergraduate and graduate students is instructors’ inability to communicate with 
these students in ways that suit the students’ learning schedules and styles (Williamson 
et al., 2020). It has been widely shown in the literature that it is particularly effective to 
teach in ways that allow students to build conceptual understanding of the subject they 
are studying (Konicek-Moran & Keeley, 2015). This requires a certain degree of freedom 
and time for self-contemplation (Lin & Chan, 2018). Not surprisingly, allowing students 
to learn at their own pace positively contributes to a substantial increase in learning 
motivation and the development of creative thinking skills (Ciampa, 2014).
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A significant portion of students avoid or miss the opportunity to visit teaching assis-
tants and instructors during office hours due to scheduling conflicts, the feeling of not 
being prepared, imposter syndrome, and shyness (Abdul-Wahab et al., 2019). Further-
more, most students study outside of regular work hours, which creates a need for assis-
tance at odd times (Mounsey et al., 2013). The lack of immediate assistance can lead to 
discouragement and creates the feeling of being stuck despite the fact that many queries 
can be simply answered based on available material without in-depth expertise (Seeroo 
et  al., 2021). Teaching assistants can sometimes fill this void, but they have their own 
responsibilities (e.g., classes, research, grading) which may render them unavailable 
during times such as exam weeks when the students need them most (Howitz et  al., 
2020). Thus, it would be extraordinarily helpful to develop new and more readily avail-
able forms of student assistance if this can be done without decreasing the time TAs and 
instructors have to spend on higher-level instruction (Mirzajani et al., 2016).

Information and communication tools and services play a crucial role in instructional 
technology and the learning process, enabling better knowledge dissemination and 
understanding. The purpose of this paragraph is to provide an overview of the current 
application areas of web technologies and AI in education and related domains, before 
moving on to discuss the potential of AI-based chatbots in higher education. Web tech-
nologies facilitate the delivery of curriculum in various fields, such as advanced model-
ling and analysis tools (Ewing et al., 2022), programming libraries (Ramirez et al., 2022), 
and the teaching of engineering ethics through serious games (Ewing & Demir, 2021). 
In the realm of AI, two primary areas of focus have emerged: information processing 
and knowledge communication. Deep learning models have been widely employed for 
tasks like image processing (Li & Demir, 2023), data augmentation (Demiray et al., 2021), 
synthetic data generation (Gautam et al., 2022), and modelling studies (Sit et al., 2021). 
However, the application of AI in information communication and delivery remains rela-
tively under-explored, particularly in the engineering domain (Yesilkoy et al., 2022). Cus-
tomized ontology-based smart assistants have seen successful implementation in public 
health care (Sermet et  al., 2021) and environmental science (Sermet & Demir, 2018) 
studies. These examples demonstrate the potential value of AI-driven solutions in the 
educational context, paving the way for the development of chatbots that can address 
the communication challenges faced by students and instructors in higher education.

With the recent advancements (i.e., ChatGPT) in AI-based communication, there is a 
significant interest in the research of chatbots, which can be defined as intelligent agents 
(i.e., assistants) that have the ability to comprehend natural language queries and pro-
duce a direct and factual response utilizing data and service providers (Brandtzaeg & 
Følstad, 2017). Voice-based assistants are actively used in education, environmental sci-
ence, and operational systems to access real-time data, train first responders (Sermet & 
Demir, 2022), and facilitate decision support coupled with other communication tech-
nologies like virtual and augmented reality (Sermet & Demir, 2020).

Technology companies have been taking the lead on operational virtual assistants 
integrated into their ecosystem which triggered a brand new and massive market that 
is forecasted to reach US$ 11.3 billion by 2024 (IMARC Group, 2019). Several stud-
ies emphasize the potential chatbots hold to serve as the next-generation information 
communication tool and make the case for an urgent need for chatbot development 
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and adoption in their respective fields (Androutsopoulou et al., 2019; Miner et al., 2020; 
USACE, 2019; Vaidyam et  al., 2019). However, the usage of chatbots for effective and 
reliable information communication is not widespread among the public, government, 
scientific communities, and universities (Schoemaker & Tetlock, 2017) and it is just 
starting to gain traction due to recent developments such as ChatGPT (OpenAI, 2022). 
Chatbots are increasingly being utilized across various applications, such as customer 
service (Pawlik et  al., 2022) and educational contexts as a means of supporting teach-
ers (Song et al., 2022). The adoption of virtual assistants within the context of the aca-
demic curriculum can help close the learning gaps identified above and, in the literature, 
(Hwang & Chang, 2021). Considering the prevalence of mobile phones and computers 
among students along with the recent remote-interaction culture that is gained dur-
ing the pandemic, such technological and web-based solutions are relevant and needed 
more than ever (Iglesias-Pradas et al., 2021).

A recent report on the AI Market in the US Education Sector (TechNavio, 2018) 
emphasizes AI’s focus on creating intelligent systems, discusses its increasing use in 
enhancing student learning, and states that intelligent interactive programs that are 
based on Machine Learning and Natural Language Processing help in overall learning of 
students. It is reported that the most significant market trend is the increased emphasis 
on chatbots (MindCommerce, 2019). The main aspect of how AI can be a vital tool in 
education is the utilization of AI in developing next-generation educational tools and 
solutions to provide a modern learning experience with the vision of personalized teach-
ing, advising, and support (GATech2018; Ceha et al., 2021).

We propose an AI-augmented intelligent educational assistance framework that auto-
matically generates course-specific intelligent assistants based on provided documents 
(e.g., syllabus) regardless of discipline or academic level. It will serve as a message-ena-
bled helper capable of answering course-specific questions concerning scope and logis-
tics (e.g., syllabus, deadlines, policies). The students can converse with the assistant in 
natural language via web platforms as well as messaging applications. The framework 
is conceived to address the listed issues and to unlock the immense potential of con-
versational AI approaches for education and enhancing the learning experience. Core 
benefits and advantages of the framework include the availability of assistance regardless 
of time, more TA and instructor time for advanced and customized advising, answers 
to time-consuming and repetitive questions, reduced human error due to miscommu-
nication for course logistics, and accommodations for personal barriers, cultural, and 
disability-related issues (e.g., language barrier). A case study is conducted to quantita-
tively measure the proposed approach’s efficacy and reliability within the context of the 
cited benefits.

In the context of complex trajectories, such as changes in degree programs or disci-
plines, students often face additional challenges in understanding the requirements, 
logistics, and subject policies associated with their new academic paths. By providing 
tailored information and support through an AI-augmented intelligent educational 
assistance framework, we aim to improve students’ engagement and learning experi-
ences and help them navigate these complex trajectories more effectively. This will ena-
ble them to make informed decisions about their academic paths, including the choice of 
subjects within a degree program or transitioning from one program to another.
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The remainder of this article is organized as follows: “Related work” section summa-
rizes the relevant literature and identifies the knowledge gap. “Methods” section pre-
sents the methodology of the design choices, development and implementation of a 
course-oriented intelligent assistance system based on syllabi. “Case study design” sec-
tion describes the case study design. “Results and discussion” section describes the pre-
liminary results and provides benchmark results and performance analysis. “Conclusion 
and future work” section concludes the articles with a summary of contributions and 
future work.

Related work
There have been several initiatives to leverage conversational interfaces in educa-
tion systems and higher learning (Chuaphan et  al., 2021; Hobert, 2019; Wollny et  al., 
2021). Georgia Tech pioneered a virtual teaching assistant (TA) named “Jill Watson’’ 
and reported inspiring results for student satisfaction (GATech, 2018). Additionally, 
many students were inspired and created their own chatbots that converse about the 
courses, exhibiting increased interest in AI tools. The positive impacts of cultivating a 
teaching motivation for individual learning are successfully demonstrated in the Univer-
sity of Waterloo’s Curiosity Notebook research project, in which the students reported 
increased engagement upon conversation with an intelligent agent (i.e., Sigma) that asks 
Geology-related questions in a humorous manner (Ceha et al., 2021). Several universi-
ties have similar projects exploring AI’s role in education including Stanford University 
(Ruan et  al., 2019) and Carnegie Mellon University (Helmer, 2019). Further initiatives 
have been explored to utilize chatbots in certain aspects of campus life (Dibitonto et al., 
2018; Duberry & Hamidi, 2021). Georgia State University developed a virtual assistant 
for admission support (i.e., Pounce) to incoming freshmen students. The Randomized 
Control Trial they implemented to assess effectiveness yielded that first-generation and 
underrepresented groups disproportionately benefited from the system which resulted 
in a decreased gap in graduation rate among different demographics (Hart, 2019). Fur-
thermore, 94% of the students recommended GSU to continue the service, citing their 
satisfaction in receiving instant responses any time of the day without the feeling of 
being judged or perceived as unintelligent (Mainstay, 2021).

The process of creating a knowledge framework includes retrieving relevant docu-
ments and extracting answers from the retrieved documents (Zylich et al., 2020). One 
of the main documents that can be used to acquire course information to answer logisti-
cal questions is the syllabus (Zoroayka, 2018; Zylich et al., 2020). Chatbots can also be 
extended to other works such as helping students with technical issues and questions 
(Chuaphan et al., 2021). The limits of TA’s human resources can be addressed with the 
help of these chatbots. A chatbot was deployed at Stanford University to respond to stu-
dent inquiries for a class by compiling information from their participation in an online 
forum (Chopra et  al., 2016). Similarly, a solution to augment the staffing shortages is 
with an AI Teaching Assistant (Ho, 2018). In addition to assisting with staff shortages, 
the virtual teaching assistants improve students’ educational experiences (du Boulay, 
2016). The chatbots can be developed internally using readily available open source tools 
(Zylich et al., 2020) or through the use of cloud-based language models (Benedetto et al., 
2019; Chuaphan et al., 2021; Ranavare & Kamath, 2020).
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The literature review clearly shows the importance of chatbots and how they can be 
used in the educational setting. Based on the survey done by Abdelhamid & Katz, 2020, 
more than 75% of students who responded to the study said they have previously used 
a chatbot service or other comparable system. 71% of the students stated that they find 
it challenging to meet with their teaching assistants for a variety of reasons. More than 
95% of students claimed that having a chatbot available would be beneficial for provid-
ing some of their questions with answers. Though the previous work puts forth lim-
ited-scope case studies that clearly serve as proof of potential and benefits of utilizing 
conversational approaches in the educational setting, a complete and multidisciplinary 
solution has not been introduced to transform teaching and learning. A major distinc-
tion of the proposed framework in contrast to relevant work is the ability to automati-
cally generate a ready-to-use intelligent assistant based on dynamic input provided in 
the format of a textual document, such as a curriculum summary and syllabus. It is both 
independent from the field and the technology (e.g., learning management systems) used 
for content delivery. Furthermore, it relies on a Service-Oriented Architecture (SOA) to 
enable integration into any delivery channel.

Methods
This section discusses the method used in the research, specifically focusing on natu-
ral language inference, syllabus knowledge model, system architecture, intelligent ser-
vices, and framework integration. The method explores the use of language models such 
as GPT-3 and the generation of a knowledge graph based on syllabus templates. It also 
explains the system architecture of the VirtualTA framework, which consists of four 
major components. The intelligent services component utilizes deep learning-powered 
natural language tools, while the framework integration involves the incorporation of 
the VirtualTA system into various communication channels. Overall, this section pro-
vides a comprehensive overview of the approach taken to develop and implement the 
VirtualTA system.

Natural language inference

In recent years, the rapid expansion of data volume was facilitated by technological 
innovation. A Forbes survey from a few years back revealed that 2.5 quintillion bytes of 
data were produced every single day. According to current estimates, unstructured data 
makes up more than 90% of all information stored (Kim et al., 2014). The introduction 
of language models as a foundation for numerous applications trying to extract useful 
insights from unstructured text was one of the major forces behind such research. In 
order to anticipate words, a language model analyzes the structure of human language. 
There are multiple available large language models such as BERT (Devlin et al., 2019), 
XLNet (Yang et al., 2020), RoBERTa (Liu et al., 2019), ALBERT (Lan et al., 2020), GPT-3 
(Brown et al., 2020), GPT-2 (Radford et al., 2019), and PaLM (Chowdhery et al., 2022).

OpenAI provides the generative pre-trained Transformer 3 (GPT-3), an autoregres-
sive language model that uses deep learning to generate writing that resembles that 
of a human. GPT-3 can be utilized off the shelf as well as by using a few-shot learn-
ing technique and fine-tuning the model in order to adapt it to any desired appli-
cation area.GPT-3 has been pre-trained on a large quantity of text from the public 
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internet resources, which may be regarded as few-shot learning. When given only a few 
instances, it can typically figure out what task you’re attempting to complete and offer 
a convincing solution. Fine-tuning builds on fine-tuning learning by training on many 
more instances that can fit in the prompt, allowing to obtain higher outcomes. Once 
a model has been fine-tuned, it no longer needs examples in the prompt. Fine tuning 
also reduces expenses and makes lower-latency requests possible. We decided to choose 
GPT-3 because the model is cloud based and has a developer friendly API. GPT-3’s 
Davinci is the biggest model in terms of parameters that’s available to use by researchers 
and the general public.

Syllabus knowledge model

It is crucial to pick the correct questions to pose to the chatbot in order to test its accu-
racy. The key questions that could arise from the course syllabus were extracted using 
the literature on syllabus templates because the goal of this research was to create a chat-
bot that could answer questions using the course logistics and policies from the sylla-
bus. The important sections of a syllabus or course description is Course Information, 
Faculty Information, Instructional Materials and Methods, Learning Outcomes, Grading 
and Course Expectations, Policies, and Course Schedule (Hess et al., 2007; Passman & 
Green, 2009). Similarly critical sections such as disability statements, academic miscon-
duct, inclusivity, accessibility and harassment; and optional information such as mental 
health resources can also be included in the syllabus (Wagner et al., 2022). Based on this 
literature, we included questions that were related to the following topics: (1) Course 
Information, (2) Faculty Information, (3) Teaching Assistant Information, (4) Course 
Goals, (5) Course Calendar, (6) Attendance, (7) Grading, (8) Instructional Materials, 
and (9) Course and Academic Policies. Course Information, Faculty Information and TA 
Information sections of the knowledge graph developed to encompass a standard syl-
labus in higher education is shown in Table 1. After analyzing all the main categories 
specified above, we have generated 36 questions to reflect the information included in 
these categories. We also used text and data augmentation techniques on these 36 ques-
tions to generate 120 questions in total to reflect the different ways a question could be 
asked. This text and data augmentation approaches are reflected in Table 6 in the form of 
competency questions.

System architecture

The VirtualTA framework can be partitioned into four major cyber components with 
specialized functions (Fig.  1). The first component can be attributed to curating and 
indexing appropriate classroom resources for information that falls within the scope of 
a syllabus, as described in Table  1. The second component contains the cyber frame-
work to create, serve, and manage the smart assistant. It includes server management, 
API access from the perspectives of both students and instructors, data analytics, and 
smart assistant management. The Intelligent Service component is concerned about the 
deep learning-powered natural language tools that are provided under the umbrella of 
VirtualTA framework (e.g., inference and intent mapping, emotion detection and light-
ening the mood with witty yet helpful responses). Finally, the integration component is 
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Table 1 Knowledge graph for a syllabus in higher education

Category Syllabus Element

Course information Course name

Course number

Credit hours

Location and class times

Faculty information Name

Contact information

Office location

Office hours

TA/teaching assistant information Name

Contact information

Office location

Office hours

Course goals and/or objectives Course objectives

Expectations from the course

Course calendar Due dates

Assignment dates

Attendance and classroom behavior Attendance policy

Expected classroom behavior

Grading and assignments Grading criteria

Tentative exam schedule

Instructional materials Textbooks

Other required materials for the course

Policies Late assignments

Academic dishonesty

Disability statement

Freedom of speech

Makeup policy

Mental health resources

Absences for religious holy days

Fig. 1 System architecture and components of VirtualTA
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concerned with communication channels the smart assistant can be served from and 
entails the appropriate protocols, webhooks, and software.

The sub-section titled “Intelligent Services” describes the process of generating a 
course knowledge model to power the VirtualTA system. It explains how the raw sylla-
bus document is parsed and processed using GPT-3 to extract relevant information. On 
the other hand, the sub-section titled “Framework Integration” focuses on the integra-
tion of the VirtualTA system into various communication channels. It describes the cen-
tralized web-based cyberinfrastructure used for data acquisition, training deep learning 
models, and storage of course-specific information.

Intelligent services

Course knowledge model generation In order to power the VirtualTA, the raw syllabus 
document needs to be parsed to create a knowledge model (Fig.  2). The process for 
knowledge model generation entails utilizing GPT-3 to attempt to find relevant snip-
pets out of unstructured text by using the competency questions provided in Table 6. 
The retrieved information for each syllabus element is curated and stored in a JSON file. 
Upon post-processing and validation, the resulting knowledge model is used to fine-tune 
the model for question answering.

Pre-processing Once the syllabus file is parsed, the generated data is split into smaller 
pieces or documents to lower the cost to use the GPT-3 model and lower the latency 
time. The data was initially divided into 2000 characters, but this led to increased API 
request costs. We created our final version of the code to divide the syllabus content into 
documents with 200 characters without compromising accuracy or the model’s afford-
ability. It was made sure that the split does not divide a word into different syllables.

Post-processing When the extracted text from the syllabus does not contain the infor-
mation the question was intended for, the GPT-3 model may sometimes return irrel-
evant snippets to the asked question. In some cases, the model can return partial 
answers as well; partial in the sense that the response has the correct information, yet 
it is not complete (e.g., returns the information of 3 TAs out of 5 total TAs listed on the 
course description). To address and resolve these edge cases, the instructors (e.g., teach-
ing assistant, faculty) are provided with the initial draft of the automatically populated 
knowledge graph and validate the information or modify as needed before the graph 
can be fed to the model for question answering. This is a one-time process, where the 
instructor(s) or TAs can go through the template at the start of the semester, to check 
the proposed answers by the model, and modify the knowledge base with accurate infor-
mation. Throughout the semester, this workflow can be repeated as needed if major 
changes occur in the syllabus.

Question answering (QA) The questions answering process relies on the provided 
course knowledge model and two models to understand the intent, map it to the 

Fig. 2 Knowledge base population process with instructor revision
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requested resource, and produce a natural language response in the form of a to-the-
point and concise answer. The question-answering framework from GPT-3 by OpenAI 
works in two parts. The first part of the QA process is the search model, which is used 
to search the provided documents. This model then lists the most applicable documents 
to answer the given question. For this, we created a fine-tuned model rather than using 
the models provided by OpenAI. Our fine-tuned model is trained on the Stanford Ques-
tion Answering Dataset (SQuAD) dataset. Both the training and validation datasets 
have 1314 entries each for our fine-tuned model. The second part of the QA process 
is the completion model, which is a built-in model provided by OpenAI named “text-
davinci-002”. Davinci is the most capable model family provided by OpenAI. This model 
is good at understanding content, summarization and content generation. The comple-
tion model is used to generate the answer from the documents provided by the Search 
Model.

As a way to expand the accessibility as well as the human-like and empathetic interac-
tions of the system in a way that it can seamlessly serve with an approachable persona, 
several enhancements were devised and implemented. The question-answering system 
operates in a variety of languages. This was accomplished through the use of GPT-3’s 
language translation capabilities. Students can ask a question in any language supported 
by GPT-3, which we then translate to English, send to VirtualTA, receive an answer in 
English, and finally translate back to the language the question was asked in. VirtualTA 
can be tailored to the demands of the students by fine-tuning the model using the ques-
tions asked by the students and answers provided by the model. This customization 
can be done at the domain or course level. The sentiment of a student’s question can be 
analyzed by VirtualTA, and if negative emotions or stress are identified, the system will 
give positive comments or optimistic messages to lighten the situation and point them 
towards appropriate available resources.

Framework integration

The framework is founded upon a centralized web-based cyberinfrastructure for data 
acquisition, training deep learning models, storage and processing of course-specific 
information, as well as to host the generated chatbots for use in communication chan-
nels. The cyberinfrastructure entails a NGINX web server, NodeJS-based backend logic, 
a PostgreSQL database, accompanied with caching, and user and course management 
mechanisms. The core intelligent assistant is created based upon the Service-Oriented 
Architecture, allowing its plug-and-play integration into any web platform with web-
hooks. Several integrations have been realized as part of this paper to showcase the 
system’s utility, although it can potentially be integrated into numerous channels (e.g., 
augmented and virtual reality applications, automated workflows, learning management 
systems).

Web-based conversational interface To make asking questions and receiving responses 
easier, a web-based chatbot application user interface (UI) has been developed. The UI 
designed by Palace C was modified for this development using standard JS. Through the 
API we developed, VirtualTA’s replies may be retrieved. The user sees this response on 
the chatbot provided by VirtualTA. This may be included into any web-based chatbot by 
using the API we established to receive an answer and utilize it as the chatbot’s response. 
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This procedure enables VirtualTA’s functionality to be incorporated into any web-based 
conversational bot.

Social platforms A Discord bot is created to allow students to include the VirtualTA 
into workspaces they already use for specific courses to facilitate easy access to perti-
nent information. The availability of VirtualTA into social messaging platforms students 
already utilize allows for easy adoption of the system as well as an organic and friendly 
interaction. This is due to the fact that students are already familiar with similar tech-
nologies (Benedetto et al., 2019).

Smart apps and devices VirtualTA is integrated to work with Google Assistant. We 
have created an API to return an answer, when asked a question regarding a course. We 
have used Google DialogFlow to integrate VirtualTA as a third-party action on Google 
Assistant. Students can access VirtualTA using Google Assistant on their mobile phones, 
smart home devices, Android TV, Android Auto and smartwatches. This integration has 
been deployed in the test environment on this platform and screenshots of these imple-
mentations are shared in Sect. 4 below.

Case study design
In order to establish the accuracy and performance of the VirtualTA, an assessment was 
conducted by collecting 112 syllabus files from a variety of institutions and domains, 
including Engineering, Math, Physics, History, Computer Science, English, Art, Busi-
ness, Philosophy, Arabic, Anthropology, Accounting, Chemistry, Music, and Economics. 
We removed 12 of these files because the syllabi were in image format and text extrac-
tion from the image could hinder the benchmark of VirtualTA’s capabilities. Hence, a 
case study is designed upon 100 syllabi and in two phases to assess the performance for 
(1) extracting data from syllabi and (2) mapping user questions to the extracted syllabi 
data. It is important to note that this study was not conducted in an actual classroom 
setting, but rather in a controlled environment for the purposes of evaluating the perfor-
mance and effectiveness of the VirtualTA system. Nonetheless, the results of this study 
provide valuable insights into the potential of VirtualTA as an effective educational tool 
for supporting student learning and engagement.

Phase 1—knowledge extraction

We chose 38 files from the 100 syllabus files we collected. We asked VirtualTA 36 ques-
tions we chose based on main categories for every syllabus file. The goal of this is to 
measure the accuracy of the bot on the frequently asked questions. We had three param-
eters we are collecting from this study: number of questions answered correctly, number 
of questions answered incorrectly, and number of questions partially answered. These 
parameters can be seen below in the template that is created for one of the courses and 
is in JSONL format.

Before edits
{"QUESTION":"What is the name of the course?","ANSWER":"BUS 100","isTrue":"Change 

this to TRUE or FALSE or PARTIAL"}
{"QUESTION":"What is the course number?","ANSWER":"The course number is BUS 

100.","isTrue":"Change this to TRUE or FALSE or PARTIAL"}
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{"QUESTION":"How many credit hours is this course worth?","ANSWER":"This 
course is worth 3 credit hours.","isTrue":"Change this to TRUE or FALSE or 
PARTIAL"}

After edits
{"QUESTION":"What is the name of the course?","ANSWER":"Introduction to 

Business","isTrue":"FALSE"}
{"QUESTION":"What is the course number?","ANSWER":"The course number is 

BUS 100.","isTrue":"TRUE"}
{"QUESTION":"How many credit hours is this course worth?","ANSWER":"This 

course is worth 3 credit hours.","isTrue":"TRUE"}
Once we collect the answers from the bot on all the 36 questions for the syllabus file, 

we store these results in a JSONL file format. In the file we have three fields includ-
ing question, answer and isTrue flag. The question field contains the question asked 
to the bot, the answer field contains the answer we got from the bot and the isTrue is 
whether the given answer is correct or incorrect. We manually went through all the 
38 JSONL files and checked the answers with the actual syllabus file and change the 
isTrue field to “TRUE” if the answer given by the bot is correct, “FALSE” if the answer 
given by the bot is incorrect and “PARTIAL” if the answer given by the bot is partially 
correct. When an answer is false/incorrect, in addition to making the isTrue “FALSE”, 
we also change the answer to the correct version/information. These manual correc-
tions were done to use this information for our second phase of testing. The manual 
corrections explained above could be seen in After Edits, this shows the corrections 
made and isTrue field set to either “FALSE”,” TRUE” or “PARTIAL” and these changes 
have been highlighted in green.

Phase 2—question answering

We use the manually corrected templates created in Phase 1. Here in this phase of testing 
we increase the questions asked from 36 to 70. This was done using text augmentation to 
test the model’s question and answering performance on different question asking tech-
niques or structures. Each question has at least one other variation except for two ques-
tions. The rationale for these two questions, “How do I submit my assignments?” and 
“when is the final exam?”, left out from data augmentation because we couldn’t discover 
a sensible and good approach to supplement or augment these queries. We had three 
parameters collected during this study: number of questions answered correctly, num-
ber of questions answered incorrectly, and number of questions partially answered.

Once we collect the answers from the bot on all the 70 questions for the template 
file created in Phase 1, we store these results in a JSONL file format. In the file, we 
have three fields including question, answer and isTrue flag. The question field con-
tains the question asked to the bot, the answer field contains the answer we got from 
the bot and the isTrue field is whether the given answer is correct or incorrect. We 
manually went through all the 38 JSONL files and checked the answers with the 
actual syllabus file and change the isTrue field to “TRUE” if the answer given by the 
bot is correct, “FALSE” if the answer given by the bot is incorrect and “PARTIAL” if 
the answer given by the bot is partially correct.
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Results and discussion
In this section, we present the results and discussion of our study on the integration and 
performance evaluation of the VirtualTA system. The section is divided into two main 
subsections: communication channels and performance evaluation. The communication 
channels subsection outlines the various platforms on which the VirtualTA system was 
integrated, including popular messaging platforms, learning management systems, and 
mobile applications. It discusses how the integration of the VirtualTA system with these 
platforms helped to improve access to course-related information and reduce the logisti-
cal workload for instructors and TAs.

The second subsection, performance evaluation, is further divided into two parts: 
knowledge extraction and question answering. The knowledge extraction section eval-
uates the accuracy and effectiveness of the system’s knowledge discovery component, 
which is based on the GPT-3 language model. The question-answering section evaluates 
the system’s ability to provide accurate and relevant responses to student queries.

Communication channels

The UI for the web platform shown in Fig. 3 has been adapted from (Palace, 2021). Fig-
ure 3 shown below is a web platform designed using vanilla JavaScript. It shows select 
Competency Questions asked to the model and the answers returned by the model for 
a history course. Figure 4 shows the integration of VirtualTA with Discord. In the fig-
ure, the questions asked to the model and the responses given by the model for a STEM 
course specifically a CS course are provided.

Figure 5 shows the integration of VirtualTA with Google Assistant. The questions are 
asked to VirtualTA using voice. The command “talk to Virtual T.A.” is needed to connect 
Google Assistant to the third-party action VirtualTA. These figures show the questions 
asked and the answers returned by VirtualTA for a history course.

Figure 6 illustrates the capability of language translation in VirtualTA. The VirtualTA 
support languages for Spanish, French, and German are shown in (A), (B), and (C), 

Fig. 3 Web based chatbot user interface with questions and answers
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Fig. 4 Integration of VirtualTA with Discord social media application

Fig. 5 Integration of Virtual TA with Google Assistant application
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respectively. Any language that GPT-3 supports can be used by the user to ask a query, 
and VirtualTA will respond in that language.

The possibilities of VirtualTA’s sentiment analysis are displayed in Fig. 7. The model 
responds with the standard response and also in a humorous or witty way to lighten 
the situation if it determines that the user is asking a question with a negative emo-
tion or feeling. Figure  7 shows some examples of sentiment analysis in VirtualTA. 
Private information, including the instructor’s email address, has been obscured in 
Fig. 7 (center). As illustrated in Fig.  7, our system generates two types of responses. 
The first is a standard reply that includes only the answer to the student’s question. 
The second type of response, triggered only when negative emotions are detected in 

Fig. 6 VirtualTA language translation capabilities

Fig. 7 VirtualTA sentiment analysis for a history course
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the student’s query, begins with the phrase “In other words” and serves to alleviate 
tension and lighten the situation. The implementation of this experimental feature is 
designed to enhance the overall user experience and demonstrate a sensitivity to the 
emotional state of the student. By identifying negative emotions in the question and 
responding in a manner that acknowledges and addresses those emotions, we aim to 
improve the efficacy of the system and promote a more positive and productive learn-
ing environment.

Performance evaluation

To quantify the model’s effectiveness, precision (Eq. 1), recall (Eq. 2), and f1-score (Eq. 3) 
metrics have been selected for this imbalanced classification problem with multiple 
classes as formulated below (Sokolova & Lapalme, 2009). n value in the equations below 
represents the number of different questions in the FAQ (i.e., classes). For computing 
results using Eqs. 1–3 (Sokolova & Lapalme, 2009), we have used the criteria listed below 
and computed two sets of results where one includes “PARTIAL” as correct/TruePosi-
tive and the other does not consider “PARTIAL” as correct/TruePositive.

The aim of the testing phase is to optimize the precision and recall values to build an 
accurate and complete system, however a trade-off evaluation is necessary (He & Ma, 
2013). Depending on the specific use case, it may be necessary to optimize for precision 
in order to provide highly accurate answers, or to optimize for recall in order to match as 
many questions as possible while minimizing the sacrifice of accuracy. For this use case, 
we tried to maximize the precision value for the model.

For each of the 38 syllabus files utilized in the testing phase, these performance val-
ues were calculated and analyzed. VirtualTA prioritizes the accuracy of the responses 
over giving an answer. We want to provide the most accurate results to the students. 
It is better to respond with “Answer not found” than to give an incorrect answer. Espe-
cially where the incorrect answer could misinform a student and can lead to them miss-
ing office hours or homework deadlines. When the model is unsure of the answer or is 
unable to locate pertinent documents, it responds to the user as “Response not found,” 
which prevents it from providing the user an incorrect answer and allows them to dou-
ble-check the answer outside of VirtualTA with instructor or TA.

(1)Precision(multiclass) =

∑n
0
TP

∑n
0
TP +

∑n
0
FP

(2)Recall(multiclass) =

n
0
TP

n
0
TP +

n
0
FN

(3)f1− score(multiclass) =
2× precision× recall

precision+ recall
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Knowledge extraction

For the knowledge extraction phase, Tables 2 and 3 provide the measured metrics (i.e., 
accuracy, precision, recall, f-1 score). The common problems faced by the model is in the 
“Teaching Assistant Information” section, and this could be due of many reasons, and we 
identified some of these cases as the reason for lower accuracy in our case study as fol-
lows: (1) when a course or syllabus has multiple TAs (Teaching Assistants), the model is 
failing to detect all the TAs from the text provided, (2) when a course doesn’t have a TA 
listed; the model fills in the TA questions with the instructor’s information. For instance: 
when there is no TA for the course and the user asks, “When are the TA’s office hours?” 
the model replies back with the instructor’s office hours, (3) the formatting of some syl-
labuses we tested on were really confusing or messy. This resulted in the model missing 
simple questions such as the course number or course name. In calculating the results 
discussed in this section, we considered all of the above cases (1–3) as Incorrect/False. 
Phase 1 is a study conducted on VirtualTA by asking 36 questions, selected from 38 syl-
labus files, to measure its accuracy in answering frequently asked questions. The study 
collected data on the number of questions answered correctly, incorrectly, and partially. 
The results were recorded in a JSONL format.

Question answering

For the question answering phase, Tables  4 and 5 provide the measured metrics (i.e., 
accuracy, precision, recall, f-1 score). The common problems faced by the model in this 
phase is in the “Course Information” section, and this could be because of many edge 

Table 2 Accuracy for Phase 1 testing results

Category name Number of questions per 
category

Accuracy % Accuracy with 
partial content 
%

Course information 6 63.2 69.7

Faculty information 4 60.5 73.0

TA information 4 49.3 57.2

Course goals 2 90.8 94.7

Course calendar 3 90.4 92.1

Attendance 2 93.4 97.4

Grading 4 63.8 71.0

Instructional materials 2 92.1 96.0

Policies 9 95.0 95.6

Overall 36 76.5 81.6

Table 3 Performance metrics for Phase 1 testing

Performance metrics Without partial Includes partial

Recall 0.64 0.69

Precision 0.79 0.81

f1-score 0.71 0.74
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cases, and we identified two main cases as the reason for lower accuracy in our case 
study as follows: (1) when the number of credit hours are not given in the context, the 
model tries to calculate the credit hours based on the number of lectures per week; (2) 
there is a small chance where the model can give different answers to similar questions, 
this could be based on the style of questioning. In calculating these results discussed 
in this section, we considered all of these above cases as Incorrect/False. In Phase 2 of 
testing, VirtualTA was asked 70 questions using text augmentation techniques to meas-
ure its performance in answering questions with different structures. The questions were 
based on manually corrected templates from Phase 1, with two questions excluded due 
to difficulty in augmentation. Data was collected on the number of questions answered 
correctly, incorrectly, and partially.

Conclusion and future work
In this research, we designed an automated system for answering logistical questions 
in online course discussion boards, third party applications or educational platforms 
and highlighted how it can aid in the development of virtual teaching assistants. Spe-
cifically, the project’s aims include enhancing course content quality and individual-
ized student advising by delegating the time-consuming repetitive duties of instructors 
to virtual assistants and mitigating inequality among students in accessing knowl-
edge to narrow retention and graduation gaps. Additionally, by providing support 
for students navigating complex trajectories, such as changes in degree programs or 

Table 4 Performance metrics for Phase 2 testing

Performance metrics Without partial Includes partial

Recall 0.87 0.88

Precision 0.96 0.96

f1-score 0.91 0.92

Table 5 Accuracy values for Phase 2 testing

Category name Number of questions per 
category

Accuracy % Accuracy with 
partial content 
%

Course information 12 82.2 83.6

Faculty information 8 97.4 99.0

TA information 8 98.7 98.7

Course goals 4 98.0 99.3

Course calendar 5 99.5 100

Attendance 4 98.7 100

Grading 7 95.5 98.5

Instructional materials 4 96.0 97.4

Policies 18 99.0 99.6

Overall 70 95.3 96.5
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disciplines, the virtual assistant can facilitate better decision-making and a smoother 
transition between academic paths. This research was conducted under controlled cir-
cumstances rather than in an actual classroom, hence while the results may not fully 
mirror an authentic educational environment, they nonetheless provide significant 
insights into the capabilities of VirtualTA as a tool for bolstering student learning and 
engagement.

Through this architecture, VirtualTA can be integrated with third-party applications 
to enable access from a variety of intermediaries, such as web-based systems, agent-
based bots (such as Microsoft Skype and Facebook Messenger), smartphone applica-
tions (such as smart assistants), and automated web workflows (e.g., IFTTT, MS Flow). 
Users will find it simple to access VirtualTA through any communication channel that is 
familiar to them and that they feel comfortable using. Additionally, it enables any num-
ber of users enrolled in the course to access the system. We want to expand upon our 
existing approach to include course content in addition to the syllabus or administrative 
information.

While chatbots can be helpful in reducing the workload of instructors and TAs in edu-
cation, it is important to acknowledge that they cannot completely replace human inter-
action and support. However, with proper development and implementation, chatbots 
can be effective tools to enhance the learning experience for students. As mentioned in 
the results section, certain types of questions are more likely to cause errors in chat-
bot responses. Educators and developers of chat-based educational platforms should 
be aware of these potential pitfalls and take steps to minimize errors. This may include 
incorporating natural language processing (NLP) algorithms to identify and flag poten-
tially confusing or ambiguous questions before they are sent to a chatbot or human 
responder.

Future studies can focus on further enhancements to the AI-augmented intelli-
gent educational assistance framework to better support students’ complex trajecto-
ries, including personalized advising based on their academic paths, integration with 
learning management systems to provide more comprehensive support for degree 
program transitions, and developing methods to better understand and cater to the 
diverse needs of students in different disciplines or academic levels. By addressing 
these areas, the framework can play a pivotal role in helping students succeed in their 
higher education journeys, regardless of the complexities they may encounter along 
the way.

Furthermore, several future studies are possible including (1) a case study with stu-
dents for a semester-long course in multiple fields/departments, (2) integrating the Vir-
tualTA with learning management systems, (3) creating course content assistance and 
search, quiz and flash card mechanisms, (4) integration to other main-stream commu-
nication channels, (5) personalized communication to the pace and language for the 
student’s level of understanding, (6) improving the system accuracy and performance 
by fine-tuning the model on bigger datasets, (7) developing methods to understand dif-
ferent question asking techniques, and (8) integrating necessary course information 
directly from learning management systems.
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Appendix
See Table 6.

Table 6 List of competency questions for the syllabus knowledge graph

Category Syllabus element Competency questions

Course information Course name What is the name of the course?

What is the course’s title?

What is the course’s name?

Course number What is the course number?

What is the number of the course?

What is the course ID?

Credit hours How many credit hours is this course 
worth?

What are the credit hours for this 
course?

What is the credit hour value of this 
course?

Location and class times Where is the location of the lecture?

Where will the lecture be held?

What will be the lectures location?

What times are the lectures?

When do the lectures take place?

Prerequisites/Co-requisites Does this course have any prerequi-
sites/corequisites?

Are there any prerequisites or coreq-
uisites for this course?

Is there a pre-requisite or a co-
requisite for this course?

Faculty information Name What is the name of the instructor/
professor?

What is the name of the professor or 
instructor?

What is the professor’s name?

Contact information How can I contact the instructor?

What is the best way for me to get in 
touch with the instructor?

What is the contact information of 
the Instructor?

Office location Where is the office of the instructor?

Where can I find the instructor’s 
office?

What is the location of the instruc-
tor’s office?

Office hours When are the instructor’s office 
hours?

What are the instructor’s office 
hours?

How long is the instructor’s office 
open?
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Table 6 (continued)

Category Syllabus element Competency questions

TA/teaching assistant information Name What is the name of the TA/Teaching 
Assistant?

What is the TA’s/Teaching Assistant’s 
name?

What is the name of the TA?

Contact information How can I contact the TA?

What is the best way for me to get in 
touch with the TA?

What is the TA’s email?

Office location Where is the office of the TA?

Where can I find the TA’s office?

What is the location of the TA’s office?

Office hours When are the TA’s office hours?

What are the TA’s office hours?

How long is the TA’s office open?

Course goals and/or objectives Course objectives What are the course objectives?

What are the goals of the course?

What are the objectives of this 
course?

Expectations from the course What are the expectations from the 
course?

What can you anticipate from the 
course?

What are the course’s objectives?

Course calendar Due dates When are Assignments due?

When are the deadlines for assign-
ments?

When must assignments be com-
pleted?

Assignment dates When are assignments released?

When do assignments become 
available?

When will assignments be made 
available?

Attendance and classroom 
behavior

Attendance policy What is the attendance policy for this 
course?

What is the course’s attendance 
policy?

What is this class’s attendance policy?

Expected classroom behavior Is there any expected classroom 
behavior?

Is there any standard classroom 
conduct?

Is there any anticipated behavior in 
the classroom?
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Table 6 (continued)

Category Syllabus element Competency questions

Grading and assignments Grading criteria What is the grading criteria for this 
course?

What is the grading breakdown?

What are the grading guidelines for 
this course?

Tentative exam schedule How many exams does this course 
have?

When are the exams?

When will the exams be held?

When is the final exam?

Instructional materials Textbooks What textbook does this course use?

What textbook is being used in this 
course?

What textbook is used in this class?

Other required materials for the 
course

What are the other materials this 
course uses?

What additional materials does this 
course use?

What additional materials does this 
course make use of?

Policies Late assignments What happens when I turn in my 
assignment late?

What happens if I submit my assign-
ment after the deadline?

What happens if I miss the deadline 
for submitting my assignment?

Academic dishonesty What is the cheating policy?

What are the policies on Academic 
dishonesty?

What are the policies against aca-
demic misconduct?

Disability statement What are the accommodations pro-
vided for a student with a disability?

What kind of accommodations are 
made for a student who has a dis-
ability?

Freedom of speech How does this class accommodate 
Free speech and Expression?

How does this class allow for free 
speech and expression?

Makeup policy What is the makeup policy for assign-
ments?

What is the policy on assignment 
makeup?

Mental health resources Are there any resources for mental 
health?

Is there any information about men-
tal health?

Are there any mental health 
resources?

Absences for religious holy days How do absences for holy days be 
considered?

How are absences from holy days 
taken into account?
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