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ABSTRACT 
The Frequently Asked Questions (FAQs) chatbot plays an important role in providing information, especially in academic fields. FAQs 

are created to address common concerns frequently raised and answered by domain experts. Answers to such FAQs should be precise 

and related to the question asked. This paper presents a chatbot system that uses a Term Frequency-Inverse Document Frequency (TF-

IDF ) method and enhances this using a semantic query expansion technique (TF-IDF-Expa) to rank and retrieve accurate responses. 

Two question-answering datasets are utilized to evaluate the system, SQuAD and MS-Marco. Moreover, 50 synthetic academic 

questions are used to show the system’s performance in real-time. Both methods, TF-IDF and TF-IDF-Expa, reported 100% accuracy; 

However, the confidence rate for TF-IDF-Expa was around 70% due to the additional information presented during query expansion, 

which can add ambiguity. The trade-off between accuracy and confidence raises concerns and suggests more optimisation chances for 

real-world applications. 

https://creativecommons.org/licenses/by-nc/4.0/ 
Keywords: Generative AI applications, Frequently Asked Questions, Chatbots, Question-Answering, Query Expansion, Chatbot development.

1 Introduction  

With the recent development of communication services, 

especially chatbots and other related conversational interfaces, 

the need for accurate and advanced chatbots has become 

paramount. Chatbots, commonly known as conversational 

agents, belong to the field of question-answering area of study. 

The main goal of building such agents is to create a system that 

can process user questions and provide accurate answers [1]. The 

chatbot market is growing rapidly. According to DemandSage, a 

well-known statistics organisation, the chatbot market could 

reach 10.3 billion dollars in 2025 [2]. Other statistics, like 

Cherniak (2024), showed that market revenue will jump from 106 

million in 2022 to 454 million in 2027. Figure 1 shows how the 

revenue curves increase [3]. Frequently Asked Questions (FAQs) 

systems play a fundamental role in providing instantaneous and 

relevant information to users. As institutions and organisations 

encourage customer engagement through digital channels, the 

need for intelligent FAQ tools is increasing. The purpose is to 

provide timely customer service with less time and human effort. 

Chatbots come in various forms, from the most basic ones used 

to schedule appointments on Facebook Messenger to fully 

functional AI assistants built into gadgets (such as Siri or Alexa). 

These chatbots are not mere substitutes for FAQ pages. They can 

assist with staff orientation, offer customised products and 

services, and take and track orders, depending on their level of 

sophistication [4]. 

Chatbots are robust communication systems. They are helpful in 

fields such as e-commerce, business, education, and information 

retrieval [5]. With the development of large language models 

(LLMs), chatbots became more accurate with advances in how 

they communicate and provide information. The recent models 

are all based on the concept of a transformer and an attention 

mechanism with more than 100 million parameters [6]. LLM 

chatbots such as ChatGPT [7], Gemini [8], DeepSeek [9], and many 

other chatbots are artificial intelligence (AI) chatbots built based 

on LLM. They are very potent tools that can formulate human-

like answers based on user queries [10]. 

In this research, large language models are not required to 

formulate chatbot answers because FAQ answers are already 

listed for any question asked. The proposed system processes the 

question and any other text that helps to find accurate and already 
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listed answers. Due to that, different  Natural Language 

Processing (NLP) tools and algorithms are used with the help of 

query expansion to reach the best-matched answers. The main 

goal of this research is to design and implement a classic chatbot 

specifically designed for Frequently Asked Questions, leveraging 

advanced NLP techniques. This system should be able to answer 

user questions quickly without the need for a user to dig into all 

the FAQs to find the answer they are looking for. The aim is to 

integrate TF-IDF (Term Frequency-Inverse Document 

Frequency) ranking for precise information retrieval with query 

expansion tools to improve the chatbot's understanding of user 

queries. The TF-IDF technique is lightweight compared to LLMs, 

which require high computation resources, massive datasets, and 

millions to billions of parameters. Additionally, this technique 

provided a high accuracy, enough to retrieve FAQs. From these 

objectives, we aim to address the limitations of conventional 

FAQ systems and contribute to the advancement of 

conversational agents. 

This paper is organized into several sections. The literature 

review examines existing research, while the methodology 

section details the chatbot's design and techniques. Subsequent 

sections present the system evaluation results, discuss, and 

conclude. 

 

Figure 1: The expected revenue of the Chatbot market [3]. 

2 Literature Review 

Many studies have been proposed to provide or improve FAQ 

chatbot systems. An early study [11] presented a semantic chatbot 

called FAQ FINDER. This chatbot used WordNet, a lexical 

dictionary of word semantics, to increase the degree of match 

between a question and its answer. The systems did not get a good 

recall percentage, around 67%. Another early agent in this field 

is ELIZA [12]. ELIZA was proposed during the 1960s to provide 

a close-to-human psychotherapist’s conversation.  However, 

ELIZA did not find its way in the area due to its ability to learn 

and the lack of knowledge it has [13]. In 1995, the ALICE chatbot 

was presented. It was built on the concept of direct matching 

between question and answer and used AIML, which is short for 

Artificial Intelligence Markup Language, a corpus of around 

40,000 documents. Despite that, ALICE was not intelligent 

enough to capture many human questions.  

Peyton et al. [14] Investigated using chatbots in online learning to 

support academic institutions managing increased student 

enrolment. They emphasise the importance of chatbots in 

addressing common questions related to qualifications and 

registration, allowing staff to focus on more complex 

interactions. The study compares the intent classification results 

from two chatbot frameworks with a Sentence BERT (SBERT) 

model. The methodology involves preparing a university FAQ 

dataset for training, revealing that the SBERT model 

outperformed the frameworks with an F1-score of 0.99. At the 

same time, Google Dialogflow and Microsoft QnA Maker scored 

0.96 and 0.95, respectively, consistent with existing benchmarks 

in Natural Language Understanding (NLU). 

Yigc et al. [15] examined the impact of large language models 

(LLMs) on natural language processing, focusing on their 

evolution and the emergence of generative chatbots like 

ChatGPT. Since its launch in 2022, ChatGPT has gained over 100 

million users in just two months, highlighting the rapid adoption 

of this technology. The study explores LLM applications in 

various fields, notably higher education, where they offer 

personalized learning experiences and support asynchronous 

learning. However, concerns about academic integrity, 

misinformation, and bias remain prevalent. The authors discuss 

the development and characteristics of LLM-based chatbots, their 

potential benefits in education, and the challenges associated with 

their use, emphasizing the need for strategies to address these 

issues. 

Mzwri et al. [16] explored the growing popularity of chatbots in 

automating tasks and providing consistent support in various 

domains, including education. However, they note the limitations 

of traditional chatbots in adapting to the evolving nature of 

knowledge. This research proposes an Internet wizard to enhance 

the knowledge base of an open-domain question-answering 

chatbot by leveraging search engines like Google. The chatbot 

can dynamically access real-time information from the Web by 

utilising features such as snippets and knowledge graphs, 

delivering relevant answers to user queries. A pilot study in 

higher education demonstrated the chatbot's effectiveness in 

generating responses across a wide range of topics, with positive 

feedback highlighting its ability to engage students and facilitate 

exploration of additional resources beyond the curriculum. 

PI and Majid [17] investigated the growing demand for chatbots, 

particularly in academic settings, distinguishing between 

intelligent and simple chatbots. Intelligent chatbots facilitate 

enhanced interactions between users and institutions and are 

increasingly integrated into university websites to improve 

service levels. However, there was a lack of guidelines for 

developing these advanced chatbots. This study addresses this 

gap by identifying the core components necessary to create an 

intelligent chatbot for academic purposes. Through a literature 
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review covering the years 2017 to 2020, the researchers compiled 

a list of components that will be evaluated via surveys. The 

ultimate goal is to establish an intelligent chatbot academic model 

as a guideline for universities in chatbot development. 

This field of study developed with the development of machine 

learning and deep learning models, especially in fields of 

understanding natural language and tracking dialogue, which 

established a different solution for machines to understand human 

dialogue and provide answers to [18]. A new era of conversational 

agents and chatbots has developed with the advancement of 

LLMs. These models can capture more than the semantic 

meaning of words, but also their accompanying information and 

representations in a sequence of words. ChatGPT, Gemini, 

Copilot, and many others have proved their ability to answer 

human questions and provide information in different domains, 

such as healthcare [19–21], education [22–24], military [25], climate 

change [26], machine translation [27] and many more. 

The key limitations of the previous studies include either low 

accuracy or requiring significant computational resources with 

many parameters (billions of parameters), rather than the 

complexity of algorithms used, such as in the case of current 

LLMs. The proposed system uses classical NLP methods to 

process FAQs to determine the most relevant answers. This 

research did not use any LLMs because frequently asked 

questions are common in the domain, and the domain expert 
already provided answers. Therefore, the proposed system 

applies techniques, such as TF-IDF ranking and semantics, to 

rank answers and provide the most pertinent information. 

3 Methodology 

Figure 2 shows the steps of our proposed system. The chatbot 

receives a prompt from an end user. This prompt represents the 

question to which a user is seeking an answer. This prompt goes 

through many steps. First, it is lowercase and then preprocessed 

from stopwords, punctuation, numbers, and unnecessary 

characters. Extra steps are applied, such as lemmatisation and 

word expansion, which will be explained in the following 

sections. These are the methods used to process the prompt 

presented by a user. 

 

Figure 2: The proposed FAQs chatbot system. 

3.1 Dataset Description  

To evaluate our proposed system, we used two datasets. The first 

one is the Stanford Question Answering Dataset (SQuAD). This 

dataset consists of 100,000 question-answer pairs extracted from 

around 500 Wikipedia articles. The crowd workers created these 

questions and their answers. Each question in this dataset is 

paired with an answer that is a specific segment, or span, of text 

from the corresponding article [28]. This dataset is suitable for 

training and evaluating models for natural language 

understanding. This research employed the SQuAD dataset to 

assess chatbots’ accuracy in providing related answers. 

The other dataset is the MS-Marco (Microsoft MAchine Reading 

COmprehension) dataset. The dataset was introduced by Nguyen 

et al. in 2018. It has around 1,000,000 search queries asked via 

Bing or Cortana associated with related text passages from 

retrieved documents [29]. 

3.2 Preprocessing Steps 

Several necessary steps are taken in the initial pre-processing to 

enhance clarity and relevance. These steps are explained below.  

a) Lowercasing: Convert all text to lowercase to ensure 

consistency and avoid mismatches due to case 

differences (e.g., "Chatbot" vs "chatbot"). 

b) Stopword Removal: Remove common words that do 

not contribute significant meaning to the query, such as 

"and," "the," and "is," to focus on key terms. 

c) Punctuation removal: Eliminate punctuation marks 

(e.g., commas, periods) from the text, as they are 

generally not helpful in meaning in this context. 

d) Number Removal: To reduce noise, remove any 

numeric values unless they are essential to the query's 

meaning. 

e) Unnecessary Character Removal: Strip any irrelevant 

characters or symbols (e.g., special characters) that 

could interfere with processing. 

f) Lemmatisation: Transform words into their base or 

root form (e.g., changing "running" to "run") to unify 

different variations of a word, aiding in accurate 

matching. 

3.3 TF-IDF Ranking in FAQ Chatbots 

The TF-IDF is a popular concept in information retrieval and has 

been used in many applications requiring ranking [30]. In our 

work, we will use this concept to rank the words that are the most 

similar to the query words and to provide the most frequent 



 
  

 

 

 

  

 
    

 

Ibrahim et. al. Passer 7 (Issue 1) (2025) 506-512 Original Article 

509 

answer to the questions asked. Equation (1) of TF-IDF is as 

follows: 

𝑇𝐹 − 𝐼𝐷𝐹 = 𝑇𝐹(𝑡, 𝑑) ∗ 𝐼𝐷𝐹(𝑡)                                                    (1) 

Here, TF(t,d) is the frequency of the term t in document d, 

representing how often the term appears in that document. The 

IDF(t) is the inverse document frequency of term 𝑡. 

3.4 TF-IDF with Query Expansion 

For this experiment, we will use the pre-trained Google vector 

embeddings generated by the Word2Vec algorithm trained on a 

collection of Google News (100 billion words) [31]. For every 

word w in a query q, we collect a set s of similar words where s = 

{x1,x2,…,xn}, where x is a word identical to a query word w and n 

is the number of similar words. For example, a query like “What 

is the cost of studying a master’s in information technology?” 

This query will be processed from stopwords and punctuation and 

will be tokenised. So, the final query will be {cost, study, master, 

information, technology}. In our research, we chose n=2. The 

reason for selecting the top n =2 is that we want only the top and 

most similar words to the word w. Adding more similar words 

will add more noise to the query. Moreover, we did experiment 

on different n ranks and found that two is the best for our study. 

Carpineto and  Romano (2012) reported that expanding the query 

with the top-ranked words is critical to retrieval precision, and too 

many similar terms can reduce retrieval effectiveness [32]. 

When we choose n = 2, the top two similar words will be added 

for every word in a query set. So, in the case of our previous 

example, the final query will look like: {cost, price, toll, study, 

perusal, perusing, master, maestro, overlord, information, 

information, data, technology, engineering, applied_science}. 

We can see how the query expansion helped by adding some good 

words like price, perusing, information, and others to the query. 

However, it also added some noise, such as overload, toll, and 

other noise, that could mess with the results. All that will be 

studied here in our analysis, and we will see if it adds better 

results. 

3.5 System Evaluation 

For the evolution of this project, we used accuracy, precision, 

recall, and F1-score metrics. These are standard metrics 

commonly used for measuring many retrieval systems. In 

addition to these metrics, the confidence metric was used to show 

the maximum similarity score between the expanded and the real 

question in the ground truth dataset. Here, we explain the 

equations and parameters of every metric used: 

Accuracy represents the total of correct predictions divided by 

the total number of predictions [33].  

Accuracy =  
TP + TN 

TP +  FN + TN + FP
                                           (2) 

Recall measures the system’s ability to capture relevant 

instances. It calculates the ratio of correct predictions to the total 

number of actual predictions in the ground truth dataset [34]. 

Recall =  
TP 

TP +  FN
                                                                         (3) 

Precision measures the accuracy of optimistic predictions by 

indicating the proportion of correctly identified positive cases out 

of the total predicted positives. 

precision =  
TP 

(TP +  FP)
                                                               (4) 

F1-score is a metric that combines precision and recall into a 

single value to provide a balanced evaluation of the model’s 

performance [35]. 

 𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 =  
2 × (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗  𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                         (5) 

The final metric used is confidence, which represents a 

maximum cosine similarity score of how the expanded question 

𝑞̂ matches the real question 𝑞𝑖  in the ground truth dataset. Here is 

the confidence equation: 

𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑞̂ = max (𝑐𝑜𝑠𝑖𝑛𝑒 − 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦(𝑞̂, 𝑞𝑖))                (6) 

Where  𝑞̂ is the user’s expanded question and 𝑞𝑖 represents every 

question in the ground truth dataset. 

4 Results 

The work was implemented on a Kaggle notebook with a 4-core 

CPU and 30 GB of RAM. The work was done on the two datasets 

mentioned before, with the first step running without query 

expansion and the other with query expansion. The first dataset 

has around 12,000 unanswered questions, so we removed them 

because our FAQ chatbot deals with questions that should have 

answers. So, we only kept the 87599 questions along with their 

answers. The second dataset is full of questions and their answers 

so that we will use it directly. The results of the experiments for 

TF-IDF and query expansion (TF-IDF-Expa) methods with the 

two datasets are reported in Table 1 with 100% accuracy. 

Table 1: Evaluation of the TF-IDF method with the SQuAD and MS-
Marco datasets. 

Datase

t Accurac

y (%) 

Precisio

n (%) 

Recal

l (%) 

F1-

Scor

e 

(%) 

Confidenc

e (%) 

SQuA

D 
100 100 100 99 99 

MS-

Marco 
100 100 100 100 100 
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We can see from Table 1 that the TF-IDF method reported a good 

accuracy over the two datasets, with an accuracy of 100%. This 

means the FAQs chatbot can answer questions like those listed in 

the dataset. But what if the user asked for a query with the 

semantic meaning of a question listed on the FAQs dataset? Is the 

FAQs chatbot system going to be able to recognise such questions 

and answer them? To help the FAQs Chatbot answer such 

questions, we expanded the query with similar words from 

pretrained embeddings built using Word2Vec. This method with 

query expansion is called TF-IDF-Expa. Table 2 reports the 

results of the implementation of such a method. 

Table 2: Evaluation of TF-IDF-Expa method with the SQuAD and MS-

Marco datasets. 

Datas

et Accuracy(

%) 

Precision(

%) 

Reca

ll 

(%) 

F1-

Sco

re 

(%) 

Confide

nce (%) 

SQuA

D 
100 100 100 99 70 

MS-

Marc

o 

100 100 100 100 75 

Table 2 shows that the results are the same as those reported in 

Table 1 regarding retrieval with an accuracy of 100%. However, 

we can see that the average confidence score is around 70, which 

means some differences exist between the original and expanded 

questions. This is true because the expanded question has more 

information than the original question. The expanded questions 

have two top-ranked similar words for every word in that 

question. Therefore, when measuring confidence using its 

formula in Equation (6), the similarity score between the user’s 

asked questions and the questions in the ground truth dataset has 

some differences that lower the confidence score. Figure 3 shows 

the distribution of confidence scores between 65% and 75%. 

 

Figure 3: Distribution of confidence for the TF-IDF-Expa method. 

The results show that the system did not miss any answer to any 

question asked with 100% accuracy. The advantage lies in the 

fact that, regardless of whether related or unrelated terms are 

included in the query, the system can still retrieve the relevant 

answer owing to the amount of information present in the 

question posed. The traditional TF-IDF method showed high 

confidence scores over all datasets, while the TF-IDF-Expa 

reported variants over the two datasets. This difference is due to 

the additional information inserted during the query expansion. 

This led to a more diverse set of matching terms and lower 

original term weights. Although both methods provided a high 

accuracy, the variation in confidence levels suggests that there 

may be trade-offs between expanding the semantic range of 

queries and maintaining high confidence in specific matches. 

This finding highlights the complexity of balancing semantic 

richness with precision in natural language processing tasks. 

5 Discussion 

It is important to compare our results with state-of-the-art studies, 

which we presented in Table 3, highlighting the performance of 

our proposed model, which achieved a high accuracy of 100%, 

surpassing all previous methods. Compared to traditional DL 

models, such as BERT-based architectures (Amer et al. [36]; 

Pandey and Roy [37]) and TaskBERT Gunnam et al. [38], our model 

shows a more effective retrieval mechanism. Although various 

previous approaches leveraged powerful transformers and 

attention mechanisms, they faced limitations regarding 

generalization capabilities and required extensive fine-tuning. 

Syed et al. [39] applied transfer learning and achieved an accuracy 

of 87.1%, highlighting the constraints in feature extraction and 

generalization. Arora et al. [40] proposed a heuristic approach with 

78% accuracy, highlighting the challenges of rule-based 

approaches in large-scale retrieval tasks. On the other hand, the 

Retrieval Augmented Generation model through Vakayil et al. [41]  

reached 95% accuracy, which shows the strength of retrieval-

based enhancements. Despite applying intelligent question-

answering mechanisms, the CIQA mode presented by Hung et al. 
[42] achieved only 75.61% accuracy, showing a challenge with 

contextual reasoning. In contrast, our approach utilises TF-IDF, 

a statistical technique that effectively extracts the most relevant 

terms, ensuring precise document retrieval and answer selection. 

Additionally, our model was evaluated on both SQuAD and MS 

MARCO datasets, reinforcing its strength and flexibility across 

different benchmarks, while most previous methods focused on a 

single dataset. The lightweight nature of the TF-IDF approach 

also reduces model complexity, making it less prone to 

overfitting while maintaining high interpretability. These 

findings highlight the efficiency of retrieval-based methods over 

DL models in specific contexts and suggest that hybrid models 

integrating statistical and DL methods could further enhance 

performance in future research.  

Conclusion 

This research provided a chatbot system for the FAQs using two 

approaches: one using traditional TF-IDF and another combining 
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TF-IDF with query expansion (TF-IDF-Expa). The query is 

expanded using Google's pre-trained vectors, where each word is 

enhanced with the top 2 similar words from Google’s vectors. 

Both methods achieved 100% accuracy in answering user 

queries, which shows a high effectiveness in finding answers to 

the asked question within the FAQ dataset. However, the results 

showed that the confidence levels differed between the two 

approaches. The traditional TF-IDF method showed high 

confidence scores over all datasets, while the TF-IDF-Expa 

reported variants over the two datasets. This difference is due to 

the additional information inserted during the query expansion. 

For future work, we suggest evaluating the system on larger 

datasets. We also recommend applying a hybrid approach using 

recent embedding models such as BERT or GPT and seeing how 

the improvement can be achieved. 

Table 3: A comparison of our proposed system with other 

studies. 
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