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Abstract: Educational institutions are increasingly utilizing chatbots to enhance communication and streamline 

administrative tasks, including answering frequently asked questions (FAQs). Serving as the first review about 

employing chatbots in educational administration, this systematic review explores the potential of chatbots to 

improve educational administration. While research on chatbots in education has primarily focused on their 

role in learning, their application for administrative tasks remains underexplored. This gap necessitates a 

systematic investigation of how chatbots are utilized and implemented to streamline administrative processes. 

Following the PRISMA framework, this review analyzes 54 studies to address five key areas: functionalities 

performed, data employed, technologies used, evaluation methods, and future development challenges. The 

review reveals a critical need for a comprehensive framework for developing administrative chatbots that are 

specifically tailored to educational institutions. This review underscores the importance of such a framework 

in addressing identified gaps in the literature and in incorporating generative AI into educational 

administrative tasks management. The review also highlights a noticeable lack of research in this domain, 

including the potential of generative AI, like ChatGPT, to improve administrative efficiency. Furthermore, the 

study discusses the potential impact, practical applications of administrative chatbots in education and future 

research directions. 

Keywords: chatbots; educational administration; generative AI; ChatGPT; PRISMA; systematic 

review 

 

1. Introduction 

Chatbots are software systems created to have human-like conversations to offer automated 

support and guidance [1]. Nowadays, The utilization of chatbots is widely adopted across various 

business sectors, encompassing banking, manufacturing, law, healthcare, education, and various 

other fields [2]. The number of research works investigating the application of Chatbots in the 

education domain is rising [3]. To highlight the importance of this phenomenon, the authors of [4] 

claim that the implementation of Chatbot technology in education could have a notable impact on 

the way educational institutions are administered. Moreover, regarding the importance of 

administrative chatbots, the authors of [5] have stated that incorporating AI technologies like 

Chatbots into educational environments would hold significant importance. ``It enables the 

dissemination of academic information, alleviates administrative responsibilities, enhances the 

overall user experience, and ultimately, fosters greater participation and engagement within the 

environments. While researchers have explored the use of chatbots in education for teaching and 

learning, their potential to improve the effectiveness of educational administration remains 

underexplored. 
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Existing literature reviews, such as [6–11] have mainly focused on chatbot utilization in the 

education sector for teaching and learning purposes. Despite the importance of administrative 

aspects of education provision, the number of researches focusing on the aspect is limited. In support 

of this claim, investigations such as [6] reveal that chatbots are deployed in educational institutions 

for various purposes, predominantly for teaching and learning (66%) and research and development 

(19%). The authors claim that only (5%) of developed or proposed bots are geared toward 

administration-related tasks. This lack of emphasis on administrative chatbots has led to significant 

shortcomings, including the absence of a standardized framework, varied implementation 

technologies, and inconsistent evaluation approaches. 

Our research contributes to the field by conducting a comprehensive review to examine the 

current state of administrative chatbots in education. In this review, we aim to answer questions in 

five specific research areas: the tasks and functionalities of administrative chatbots, the data and 

technologies used, evaluation methods, and future challenges. 

The outcome of this review has uncovered the main characteristics of a potential administrative 

chatbot framework, including the data used to train chatbot models, the technologies employed in 

their development, specific administrative tasks they address, evaluation methods used, and 

challenges associated with their future developments. Generative AI models like ChatGPT have 

garnered significant attention across academia, research, and various industries for their applications 

in areas such as customer service, healthcare, and education [12]. The review highlights the need to 

integrate generative AI, into educational administrative chatbots, to enhance their functionalities and 

effectiveness. 

This paper is structured as follows: Section 2 presents the literature review. Section 3 discusses 

the methodology employed for conducting the systematic review. Section 4 outlines the research 

results, including the data analysis and findings. Section 5 examines the implications of the findings 

and discusses their significance. Finally, Section 6 concludes the research by summarizing the key 

findings, discussing their implications, and proposing directions for future research. 

2. Literature Review 

The main purposes of having administrative chatbots in educational institutions can be classified 

into three categories: 1)Provide information, 2)support administration, and 3)evaluate technologies. 

Information provision dominates as the primary purpose for educational administrative chatbots in 

the reviewed literature. This category encompasses chatbots designed to address commonly asked 

questions (FAQs) and offer users general information, including details about educational institutes, 

tuition fees, admission procedures, and academic departments. Chatbots falling under this category 

offer automated assistance to both internal and external users of academic institutions. This type of 

chatbot can be further classified into six types: 

1. Institutions: This type of chatbots provide users with information regarding institutes, faculties, 

and departments. FAQ bot [13], ADPOLY [14], HIVA bot [15], KUSE-ChatBOT [16], Erasmus 

[17], EduChat [18] are some examples of this type of chatbots. 

2. Activities: This type handles queries regarding various activities that occur within the 

educational institutions. Some examples of this type of chatbots are: AVA [19], FIT-Ebot [20,21], 

FAQ bot [13], Educational Assistant [22], HIVA bot [15]. 

3. Admission: This type of chatbots processes admission-related queries such as admission date, 

admission requirements, and online admission link. Examples of this type are: Ana Chatbot [23], 

Educational Assistant [22], NEU-chatbot [24], DINA [25], Jooka [26], Virtual-Assistant [5] , 

EduChat [18], Admission Bot [27], FAQ bot [13], HIVA bot [15]. 

4. Academic: This type of chatbot provides students with information about academic courses such 

as course names, course grades, course registration, and schedules. ParichartBOT [28], Edubot 

[29], Nabiha [30], , EduChat [18], University Bot [31], Virtual-Assistant [5], SOCIO Chatbot [32], 

AVA [19] are some examples of this type of chatbot. 

5. Library: BCNPYLIB CHATBOT [33], Library Bot [34], HIVA bot [15] are two examples of 

chatbots designed for library services. They can respond to inquiries regarding book location, , 
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categorization, and library operating hours. This capability saves time and allows librarians to 

allocate their time to other duties. 

6. Other purpose: CSM chatbot [35] addresses educational administrative tasks related to student 

inquiries about registration procedures and tuition payments at the University of Guayaquil. 

EduChat [18] and HIVA bot [15] provide information about student life including canteen, 

human resources, library, student life, and events. 

The second category of chatbots is designed to support administration aiming to reduce 

workload and enhance user experience through automation. These chatbots fall into one of the 

following eight types: 

1. Save time: Several studies in the literature have suggested and implemented chatbots to 

automate administrative tasks, thereby saving time for stakeholders such as students, educators, 

and administrative staff. By handling routine inquiries and processes efficiently, chatbots enable 

stakeholders to focus on more value-added activities, improving overall productivity and 

efficiency within educational institutions. UNIBOT [36], and CollegeBot [37] are some examples 

of this type of chatbots. 

2. Reduce labor cost: It refers to a type of chatbot designed to lower expenses related to human 

labor. This is achieved by automating tasks or processes, thus decreasing the necessity for 

manual intervention, or reducing the number of personnel required for specific functions. For 

instance, NEU-chatbot [24] and Edubot [29] are two notable examples within this type. 

3. Reduce burden: It refers to a type of chatbot aimed at alleviating the workload or strain on 

individuals within an organization. These chatbots are designed to automate tasks or processes, 

thereby lessening the burden of manual work or administrative responsibilities on employees. 

Examples of this type of chatbots include ArabicBot [38], FAQChatbot [39], Ava [40], and Jooka 

[26] which have been developed to alleviate administrative burdens within educational 

institutions. 

4. 24/7 availability: This type of chatbots is designed to offer uninterrupted access to information 

or services, catering to users’ needs whenever they arise. By being available 24/7, these chatbots 

ensure that users can receive prompt responses to their inquiries or requests, enhancing 

convenience and accessibility. Examples of chatbots belonging to this type include LiSA [41], 

and GraduateBot [42], EduChat [18] which have been implemented to provide continuous 

support to users within educational institutions, regardless of the time of day. 

5. User engagement: It refers to chatbots designed to actively involve and interact with users, 

fostering meaningful connections and participation. Equipped with features to capture users’ 

interest and encourage involvement, these chatbots enhance satisfaction and retention. 

Examples include LiSA [41] and Nabiha [30], Virtual-Assistant [5] which engage users in 

educational settings through interactive dialogue and tailored support. 

6. User experience: This type aimes to prioritize seamless interactions and satisfaction for users. 

These bots focus on usability and responsiveness, aiming to provide an intuitive interface. AIBot 

[43] and EnrollmentBot [44] are two examples of such chatbots. They enhance user experiences 

in educational settings through intuitive design and personalized interactions. 

7. Facilitate Communication: This type of chatbots streamline administrative processes, and 

facilitate efficient communication between students, parents, and staff. They enhance support 

through personalized assistance, automated notifications, and real-time feedback collection. 

Assisting Chatbot [21], SOCIO Chatbot [32], AVA [19], Lilo [45] are some examples of this type 

of chatbots. 

8. Automate admission process: It refers to chatbots designed to automate the traditional 

admission procedures. Admission test bot [46] is an example of this type of chatbots. 

Evaluating technology is the purpose behind designing the third type of chatbots. Some studies 

in the literature utilize different technologies and platforms to find out their reliability to be 

implemented for designing chatbots within the education domain. For instance, [47] seeks to 

investigate the potential benefits and challenges of employing conversational agents to gather course 

evaluations across three European universities located in the UK, Spain, and Croatia. [48] contrasts 

the intent classification outcomes of two commonly used chatbot frameworks with those of a cutting-

edge Sentence BERT (SBERT) model, which can construct a resilient chatbot. Existing literature on 

administrative chatbots in education suffers three serious shortcomings: 1) Lack of standardized 
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frameworks which has led to significant variations in research approaches. This results in ambiguity 

regarding data characteristics, collection practices for chatbot training, the utilized implementation 

technologies, and ultimately, inconsistent evaluation methods. 2) Despite the widespread adoption 

of Generative AI across various sectors, its application in educational administration remains limited. 

Integrating these powerful techniques could potentially enhance chatbot capabilities in the domain; 

3) While publications on educational administrative chatbots have seen some increase in recent years, 

this area of research remains relatively understudied. 

3. Materials and Methods 

This research is conducted through a systematic review of the literature. As stated by [49], a 

systematic literature review involves a rigorous search method aimed at identifying pertinent 

findings on a specific research topic. To enhance the review process, the researchers have adhered to 

the preferred reporting items for systematic reviews and meta-analysis (PRISMA) framework. The 

PRISMA framework comprises a checklist containing 27 items and a four-phase flowchart, designed 

to enhance the clarity and transparency of systematic reviews and meta-analyses. However, it is 

essential to note that PRISMA is not intended to be used as a quality assessment tool [50]. To obtain 

relevant articles for this study, a comprehensive search is conducted using databases such as IEEE 

Explore, ACM, Scopus, Springer Link, Science Direct, MDPI, and arXiv, as the primary references. To 

ensure a comprehensive coverage of suitable articles, additional sources like ResearchGate, Google 

Scholar, and the classic Google search engine are also considered. However, it is worth mentioning 

that undergraduate, master, and doctoral theses are excluded from this study. The research process 

comprises five distinct steps: (1) Identify research questions, (2) Search for relevant articles in 

scientific journals and conferences, (3) Apply the PRISMA protocol to select literature, (4) Extract 

information from the selected studies, and (5) Formulate conclusions and outline future research 

directions. 

3.1. Research Questions 

To align with the main objectives of this study and explore the effective administrative uses of 

chatbots in educational institutions, we have formulated the following research questions to gather 

the necessary information: 

RQ1. What educational administrative tasks (functionalities) do existing studies propose or 

implement? 

RQ2. What are the data characteristics and data collection practices for chatbot training in 

educational institutions? 

RQ3. What are the main chatbot implementation technologies used by researchers? 

RQ4. How are implemented chatbots evaluated? 

RQ5. What are the challenges faced during chatbot implementations? 

Each research question has been chosen to explore different aspects of chatbot effectiveness, 

which, ultimately contributes to effective educational administration. High-quality data and relevant 

information train the chatbot for accurate responses [51]. Poor data leads to misunderstandings and 

frustration [52]; technologies like Natural Language Processing (NLP) allow for natural conversation, 

while Machine Learning helps the chatbot learn and improve over time [1]. Choosing the wrong tech 

hinders its effectiveness [53]; Clearly defined tasks, like answering registration questions or 

providing deadline reminders, ensure the chatbot excels in its role. In addition, the ability of chatbots 

to automate routine tasks frees up time for administrative staff and enhances efficiency in educational 

institutions [54]; Regular evaluation using user feedback, data analysis, and automatic approaches 

helps identify areas for improvement and ensures the chatbot remains helpful [55]; finally, 

addressing the current challenges ensures the effectiveness of the proposed model [56]. 
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3.2. Literature Search Strategy 

To gather the essential literature for this study, we employed a systematic search strategy, which 

can be summarized in the following steps: 

9. Study and identify possible search keywords. Based on some literature searches, a number of 

the most frequently used terms are identified to create the query to be run for literature research. 

The query ((Chatbot* OR Conversational Agents OR AI Assistants) AND (Educational 

Administration OR Educational Management OR Educational Technology)) was set for all 

databases on 21/03/2024 and revised on 09/07/2024. 

10. Use the identified keywords to search for possible literature available from reputable publishers, 

such as those mentioned earlier. To minimize the number of irrelevant studies that could appear 

in the search process, the search domains were limited to computer science, education, and 

management. 

11. To ensure the completeness and correctness of the search, manual searches were also performed 

on each of the databases. The search was performed on the article title, abstract, and keywords. 

The retrieved articles span the period from 2018 to 2023. 

3.3. Inclusion/Exclusion Criteria 

For article selection, several inclusion criteria are used and searches for those criteria are 

performed on article titles, abstracts, keywords, and the main content body. The inclusion criteria are 

as follows: a) Studies presented in English only; b) Studies that cover the main domain which is 

administrative chatbots in educational institutes; c) Studies published in reputable databases as 

named previously. The exclusion criteria are a) Studies presented in other languages; b) Studies 

covering other topics such as teaching, learning, consultation, and recommendation; c) 

Undergraduate, master’s, and PhD theses, as they typically do not undergo the peer review process. 

4. Results 

The initial search yielded 2093 articles. Filtering for duplicates, non-English articles, and those 

outside the research scope reduced the pool to 127. Further screening based on titles, abstracts, and 

conclusions narrowed the selection to 91. Finally, a thorough review of full texts for quality, topic 

relevance, and context resulted in a final sample of 54 articles. Figure 1 shows the study flow diagram. 

Among all the exclusion criteria, only the quality criteria have the potential to introduce bias. To 

maintain objectivity, after selecting articles published in reputable journals and conference 

proceedings with ≥10 citations, a quality evaluation was conducted as shown in Table 1. This 

evaluation is based on the five research questions mentioned in section 2.1 and rates each aspect of 

the articles using a Likert scale from 0 to 3 (0 – not mentioned, 1 – poorly presented, 2 – fairly 

presented, 3 – well presented). Articles scoring ≥8 out of a possible 15 were included. 

Table 1. Quality evaluation results. 

Reference RQ1 RQ2 RQ3 RQ4 RQ5  Total 

score 

[5] 

[13] 

3 

3 

3 

2 

3 

2 

3 

2 

3 

1 

 15 

10 

[14] 

[15] 

3 

3 

0 

3 

3 

2 

3 

1 

0 

3 

 9 

12 

[16] 3 0 3 3 0  9 

[17] 

[18] 

[19] 

3 

3 

3 

1 

2 

3 

3 

3 

2 

3 

2 

3 

0 

3 

2 

 10 

13 

13 

[20] 

[21] 

[22] 

[23] 

3 

3 

3 

3 

0 

2 

3 

3 

2 

3 

3 

3 

3 

3 

3 

3 

2 

3 

3 

3 

 10 

14 

15 

15 
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[24] 3 3 3 3 3  15 

[25] 2 1 3 2 2  10 

[26] 

[27] 

[28] 

3 

3 

3 

2 

2 

1 

3 

2 

2 

3 

3 

3 

3 

3 

3 

 14 

13 

12 

[29] 3 3 3 3 3  15 

[30] 

[31] 

[32] 

3 

3 

3 

3 

0 

3 

2 

3 

3 

2 

3 

3 

3 

0 

3 

 13 

9 

15 

[33] 

[34] 

[35] 

3 

3 

3 

1 

1 

3 

3 

3 

3 

3 

2 

3 

3 

3 

2 

 13 

12 

14 

[36] 3 3 3 3 2  14 

[37] 3 2 3 2 2  12 

[38] 3 1 3 3 0  10 

[39] 3 1 3 3 3  13 

[40] 3 2 2 3 1  11 

[41] 3 2 2 3 2  12 

[42] 3 2 3 3 3  13 

[43] 3 1 3 2 1  10 

[44] 

[45] 

[46] 

3 

3 

3 

1 

3 

0 

3 

3 

2 

2 

2 

2 

3 

3 

3 

 12 

14 

10 

[47] 3 2 3 3 2  13 

[48] 3 3 3 3 3  15 

[57] 3 3 3 3 3  15 

[58] 3 3 3 3 3  15 

[59] 3 0 2 2 1  8 

[60] 3 0 2 3 0  8 

[61] 3 3 3 1 2  11 

[62] 2 3 3 1 3  12 

[63] 2 1 3 3 3  12 

[64] 3 2 2 2 2  11 

[65] 2 1 2 1 3  9 

[66] 3 3 3 2 2  13 

[67] 2 1 3 3 3  12 

[68] 3 3 3 2 3  16 

[69] 3 3 2 2 3  15 

[70] 2 3 2 3 2  12 

[71] 

[72] 

[73] 

3 

3 

3 

2 

2 

2 

3 

3 

3 

3 

3 

3 

3 

2 

3 

 13 

13 

14 
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Figure 1. PRISMA flowchart 

Some statistical analyses of the results have been presented to provide a deeper understanding 

of the literature landscape. The analysis categorizes the types of literature reviewed to give a clear 

picture of the sources contributing to the field. Out of the total of 54 articles analyzed, the majority, 

comprising 30, were journal articles, reflecting their dominant role in disseminating research 

findings. Conference papers made up a significant portion as well, with 21 papers indicating the 

active engagement of researchers in presenting and discussing their work at various conferences. 

Additionally, 3 book chapters were included, showing contributions to more comprehensive, edited 

volumes that provide broader context and synthesis of the research. Figure 2 illustrates the relative 

percentages of these types of literature, highlighting the predominance of journal articles and 

conference papers in the research landscape. 

 

Figure 2. Proportion of conference papers and journal articles. 

The distribution of articles based on their publication years is presented in Figure 3. The number 

of publications per year demonstrates notable trends from 2018 to 2023. In 2018, there were 7 

publications, which slightly decreased to 4 in 2019. However, this was followed by a substantial 

increase in 2020 with 8 publications. The upward trend continued significantly in 2021, reaching a 

peak of 13 publications. This surge in 2021 can be attributed to the impact of the COVID-19 pandemic, 

which stimulated a considerable amount of research and innovation in response to new challenges. 

After a minor dip to 8 publications in 2022, there was another surge in 2023, culminating in 14 
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publications, the highest in the observed period. This increase in 2023 reflects a rising interest and 

expanding research activity in this area, indicating sustained growth and the importance of the field. 

 

Figure 3. Number of articles per publication year 

4.1. Chatbot-based Implemented Tasks/Functionalities 

Our comprehensive review of chatbot applications in educational settings, as addressed in RQ1, 

has revealed a diverse landscape of implemented tasks or functionalities. These tasks, summarized 

in Table 2 and visually represented in Figure 4, offer valuable insights into the current capabilities 

and potential future directions of educational chatbots. The most dominant application, accounting 

for a staggering 74% of the reviewed studies, is answering user FAQs through text-based 

conversation. This encompasses a wide range of queries, from general information about institutions 

and academics to specific details about admissions, placements, schedules, and courses. This 

overwhelming preference for FAQ handling highlights the potential of chatbots to alleviate 

administrative burdens and free up human resources for more complex tasks [39]. Beyond this core 

functionality, a rich tapestry of additional tasks emerges. Notably, 19% of studies reported chatbots 

managing user and account-related functions, suggesting their potential for personalized access, and 

streamlined administrative processes. Furthermore, some studies like [38] implemented mechanisms 

to handle unanswered queries, such as pinging administrators or forwarding questions for later 

resolution. This ability to adapt and learn from unanswered queries demonstrates the growing 

sophistication of chatbot technology and its potential to continuously improve user experience. 

Multi-modal communication also makes its mark, with 31% of studies reporting chatbots capable of 

answering user queries through voice, image, and cards. This move beyond text-based interactions 

opens exciting possibilities for accessibility and caters to diverse learning styles. For instance, the 

chatbot described in [40] utilizes speech recognition to handle voice-based queries, potentially 

benefiting users with visual impairments or those who prefer more natural interaction. 

Moving beyond basic information dissemination, chatbots are also venturing into educational 

support and administrative automation. The chatbot in [41] assists students in selecting elective 

courses through advice-based conversation, demonstrating the potential for personalized guidance 

and decision-making support. Other chatbots, like the one in [23], replace traditional online 

submission systems with conversational interfaces, streamlining administrative processes and 

potentially enhancing user engagement. However, it’s crucial to acknowledge the limitations of the 

current data. The focus on text-based interactions in many studies may underrepresent the potential 

of multi-modal chatbots. Additionally, the lack of information on chatbot effectiveness in real-world 

educational settings presents an area for future research. 
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Figure 4. Number of articles per administrative tasks/ functionalities. 

Table 2. Identified chatbot-based implemented asks/functionalities. 

Tasks References 

 

FAQs Answering/Text-based 

[5,13–18,20,22,24–28,30–32,35–40,42,43,48,57,59,61–63,65–71,74] 

User and Account management [58] 

   

FAQs Answering/voice-based [21,36] 

Automate library services [33,34] 

Notify admin for cross-domain 

questions.  

[38] 

Course Management [32,39,48] 

Survey chatbot [41] 

keeps track of the applicant’s 

information  

[26] 

Automate university submission [42,44] 

Curriculum detail checking and 

email management 

[40] 

Student orientation/advising 

Class Registration 

Automate Admission 

[19,45,72,73] 

[73] 

[23,46] 

4.2. Data Used to Train the Bot 

About RQ2, the articles are analyzed, and the result of the analysis is shown in Table 3. Only 

57% of the surveyed articles openly declared the source of data used to train their administrative 

chatbots. This lack of transparency makes it difficult to assess the reliability and potential biases of 

the information provided, hindering user trust and confidence in the chatbot’s accuracy. Figure 5 

presents the identified data sources in the literature. The declared sources primarily consisted of 

institutes’ websites (37.3%), social media accounts (9.8%), available documents from the institutes 

(33.3%), and feedback/questionnaires from stakeholders which include students, educators, and 

admission staff (19.6%). This suggests a reliance on readily available but potentially incomplete or 

subjective data sources. 
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Figure 5. Proportion of identified data sources. 

Disclosing the size of the chatbot’s knowledge base, typically measured in conversations, 

question-answer pairs, user messages, or examples, is crucial for understanding its potential 

comprehensiveness and depth. Figure 6 shows the different data sizes used in the literature. 

However, about 29% of the articles mentioned data size. This lack of information makes it difficult to 

compare the capabilities of different chatbots and assess their suitability for handling complex 

inquiries. Only [22] utilized two large datasets: the CTUBot dataset, which consists of 35,702 question-

answer pairs for the closed-domain chatbot, and the OpenSubViet dataset of over 419,712 dialogue 

pairs for the open-domain chatbot. Additionally, the reported sizes ranged from 210 examples to 

6500, indicating significant variation and potential gaps in knowledge coverage across different 

implementations. 

 

Figure 6. Proportion of Identified dataset sizes. 

About 31% of the literature reported the topics of the data used in training the chatbots. Figure 

7 depicts the topic focus and coverage, with Academic Affairs (25%), Admissions (19%), Courses 

(16%), Tuition Fees (15%), Student Services (13%), Events (09%), Registration, Library, and Student 

life (05%) dominating the landscape. This highlights a potential under-representation of other crucial 

administrative areas, such as library services, financial aid, and accommodations, which could limit 

the chatbot’s ability to fully support users’ diverse needs. 
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Figure 7. Frequency of identified topics in the literature 

Pre-processing data is essential for maintaining high data quality [75]. About 31% of the studies 

discussed the data preprocessing techniques applied to the collected information (Figure 8). While 

common tasks like tokenization, punctuation removal, and stop word removal were observed, the 

lack of further details raises concerns about potential biases and inconsistencies introduced during 

the preparation process. Transparency in data preprocessing is essential for ensuring the accuracy 

and fairness of the chatbot’s responses. 

 

Figure 8. Frequency of identified preprocessing tasks in the literature. 

Regarding data collection, Manual data collection, predominant in the reviewed studies (except 

for two utilizing automatic tools), can be time-consuming and resource-intensive, limiting the 

scalability and efficiency of chatbot development. Exploring and adopting automated data collection 

and processing tools could significantly improve efficiency and potentially allow for incorporating 

wider and more diverse datasets, leading to more comprehensive and reliable chatbot experiences. 

Table 3. Identified data source, size, intents, and preprocessing tasks in the literature. 

Data-related questions Reference 

Data source [13,15–23,26–28,30,32,35–37,40,45,46,57,62,65,66,68–73] 

Data size [15,19,20,22,24,30,35,37,57,61,62,66,68–70,73] 

Data intents [13,15,18,19,21–23,26,27,32,35,42,45,70,72,76] 

Data preprocessing [13,15,16,18,19,22,24,26,32,35,37,44,48,66,68,69,72] 

4.3. Technologies Shaping Educational Chatbots 

Table 4 summarizes the findings through an interface, such as a website or a social app 

messenger, the dialogue receives the message, comprehends it, and provides an appropriate response 

to the user.for RQ3. Chatbot architecture generally consists of three main parts: User manager 

Interface, Dialogue Manager, and Knowledgebase (Figure 9). When a user submits a query 
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Figure 9. Simple chatbot architecture. 

4.3.1. User Interfaces 

Figure 10 visually presents the distribution of user interfaces. The dominance of web interfaces 

(37%) reflects a focus on accessibility and integration with existing institutional websites. This ensures 

broad reach for users accustomed to online resources, but limitations in engagement compared to 

mobile apps or chat-specific platforms like Facebook Messenger (24%) cannot be ignored. 

Recognizing these diverse preferences, future research could explore hybrid solutions that leverage 

web-based accessibility while incorporating personalization features found in mobile or chat-specific 

platforms. 

 

Figure 10. Frequency of recognized user interfaces in the literature. 

4.3.2. Dialogue Management 

The recognized dialogue managers are shown in Figure 11. The popularity of Dialogflow 

highlights its ease of use and pre-built templates, catering to efficient development for well-defined 

questions. However, its reliance on predefined rules necessitates the exploration of alternative 

approaches. The rise of NLP-powered platforms like RASA and GPT-based models showcases a 

future where chatbots can dynamically adapt to conversation, handle complex queries, and 

personalize responses. Research in this area should focus on optimizing NLP integration within 

dialogue management while ensuring data privacy and mitigating potential biases. 

 

Figure 11. Frequency of recognized dialogue managers in the literature. 

4.3.3. Knowledge Bases 
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The knowledge base distribution is depicted in Figure 12. While JSON files (30%) reign supreme 

as the knowledge base format, their simplicity comes at the cost of limited organization and 

scalability. Structured databases like MySQL (16%) and MongoDB (4%) offer significant advantages 

in data organization and future expansion. Additionally, integrating external knowledge sources, 

such as APIs or ontologies, holds immense potential for enriching the knowledge base and 

broadening the chatbot’s capabilities. Moving forward, research efforts should explore best practices 

for designing and evolving knowledge bases, considering factors like data format, organization 

efficiency, and integration with external knowledge sources. 

 

Figure 12. Frequency of recognized knowledge bases in the literature. 

Regarding the response to user queries, Chatbots, integral components of modern digital 

interactions, operate through various models tailored to their functionality. These models encompass 

rule-based, retrieval-based, and generative-based approaches [1]. Figure 13 shows the different 

models of chatbots, each offering distinct advantages in conversational AI. Rule-based chatbots rely 

on predefined rules and patterns to generate responses, suitable for straightforward queries with 

predictable outcomes. Retrieval-based models retrieve pre-existing responses from a database based 

on similarity metrics, effectively handling a broader range of inquiries by matching user inputs with 

stored knowledge. Generative-based models, on the other hand, employ deep learning techniques to 

generate responses dynamically, allowing for more nuanced and contextually appropriate 

interactions. 

 

Figure 13.Chatbot Models Classification 

The prevalence of retrieval-based models (65%) stems from their ease of implementation for well-

defined questions. However, their limitations with novel or complex queries necessitate the exploration 

of other approaches. Rule-based models (11%), though less prevalent, offer potential for specific tasks 

requiring logic or decision-making. While data requirements and potential biases remain challenges, 

generative models hold promise for dynamically generating creative responses based on context and 

understanding. Only five studies in the literature combined more than one model type to construct a 

hybrid approach. The combinations included rule-based and retrieval-based methods together as in 

[38], rule-based and generative-based methods as in [57], and rule-based methods with large 

language models as in [18]. Future research could explore more hybrid model combinations, 
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dynamically switching between retrieval, rule-based, and generative approaches depending on user 

intent and context. Figure 14 shows the distribution of Chatbot Models. 

 

Figure 14. The proportion of chatbot models in literature. 

Table 4. Utilized technologies in chatbot architecture. 

4.4. Chatbot Evaluation 

Technologies Used Reference 

 

 

 

 

 

 

 

User Interface 

Web Page  [5,13,18,19,23,25,30,33,34,38,59,65,71,72,74] 

Facebook Messenger [5,17,20,21,24,26,38,41,62,67] 

Android Application  [30,38] 

Telegram [35,64] 

LINE API 

Text-based interface 

Voice-based interface 

[16,42,61] 

[28,45,46] 

 

[15] 

Other [5,22,27,30,39] 

 

 

Dialogue 

Management 

DialogFlow [20,25,26,33,39,58,59,61],  

[21,28,34,40,42,48] 

RASA [13,24,62,63,65,67] 

AIML  [30,38,43,57,70] 

chatterbot [14,31] 

WordNet 

Google cloud service 

GPT-3.5 

[5,22,23,29,35,37,41,43–45,47,48,57,66,68,69,71,72,74] 

[19] 

 

[46] 

Other [5,22,23,29,35,37,41,44,45,47,48,57,66,68,69,71,72] 

 

 

 

Knowledgebase 

JSON file [13,24,25,30,34–37,40,48,61–65] 

Text file 

Voice file 

[5,14,18,22,27–29,46,57,66,68,69,72] 

[15] 

MYSQL [16,20,21,45,58,64,67,74] 

AIML file [30,43,70] 

MongoDB [17,64]  

Firebase [21,26,44] 

Other [23,33,42,71] 
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Regarding RQ4, the findings are summarized in Table 5. Our exploration of RQ4, focusing on 

chatbot evaluation practices in education, reveals a surprisingly fragmented landscape. About 28% 

of the reviewed studies don’t conduct any form of evaluation, leaving a significant portion veiled in 

uncertainty. While this begs the question of why evaluation remains an optional exercise, it also 

presents an opportunity to define best practices for assessing the effectiveness of these promising 

educational tools. Figure 15 illustrates the distribution of each evaluation approach. Among the 

evaluators, a diverse set of methods emerged, each offering unique insights. Automatic techniques 

like BLEU (7.0%), used for machine translation comparisons, provide objective measures of language 

fluency. Precision, recall, and F-score (23.3%) offer valuable data on the chatbot’s accuracy in 

handling specific tasks. However, the most popular technique (55.8%) involves user questionnaires, 

capturing subjective experiences and satisfaction levels. These evaluation efforts primarily focused 

on user satisfaction, usability, and efficiency, followed by aspects like fluency, reliability, and 

maintainability. Interestingly, the information retrieval rate, task completion rate, and user workload 

received less attention, potentially indicating gaps in current assessment practices. As [72] aptly 

points out, focusing solely on effectiveness, usefulness, and user engagement might not paint the full 

picture. Considering the limited adoption of evaluation practices and the potential shortcomings of 

commonly used methods, future research needs to embrace more comprehensive approaches. One 

direction involves adopting mixed-method evaluations, combining objective data on performance 

with subjective user experiences. Additionally, researchers should explore context-specific metrics 

tailored to the educational tasks chatbots perform, ensuring a nuanced understanding of their impact. 

 

Figure 15. Proportion of identified evaluation approaches. 

Table 5. Metrics used in chatbot evaluation 

 

4.5. Challenges and Future Functionalities of Chatbot Implementation 

Regarding RQ5, the literature was analyzed to identify the current challenges encountered 

during chatbot implementation and to explore potential future functionalities. These results are 

metric reference 

Feedback/Questionnaire-

based 

Accuracy 

[5,19,21,26,32,33,35,37,39,41,42,44,45,57,71–73] 

[13,18,22,45,46] 

[13,15] 

precision, recall 

measures, F-score 

[16,20,24,32,48,62,63,65,67,69] 

BLEU Metric 

Chatbot Usability 

Questionnaire (CUQ) 

Other Techniques 

[22,66,68] 

[23,27] 

 

[21,34] 
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presented in Table 6 and the distribution of articles about each challenge is depicted in Figure 16. 

Among the critical challenges, insufficient data, handling complex queries, cross-domain queries, and 

data privacy and security stand as formidable roadblocks. These limitations often lead to response 

challenges, hinder context awareness, and impede the ability to replace administrative overhead. 

Additionally, challenges like response selection in retrieval-based chatbots, response generation in 

generative-based chatbots, maintaining up-to-date datasets, and lack of standardized chatbot 

evaluation approach further highlight the need for continued development. 

 

Figure 16. Challenges for chatbot development 

Table 6. Identified challenges in the literature. 

Challenges Reference 

Insufficient data [15,20,23,26,28,30,36,47,66,69] 

Handling complex query [13,18–20,22,46] 

Responses selection [20,62] 

Context aware [15] 

Response generation [62] 

cross-domain question. [32,34,37,72] 

user misspelling challenge [31] 

 

maintaining up-to-date 

dataset 

Integrating with Existing 

Systems 

Data privacy and security 

Lack of standardized 

evaluation Approach 

Bias in survey responses 

Ethical concerns 

 

[5,18] 

[32] 

 

[13,23,32,45] 

[21] 

 

[35] 

[27] 

Looking towards the future, several exciting functionalities hold immense potential. The 

functionalities have been consolidated in Table 7, and Figure 17 provides a graphical representation 

of the distribution of articles based on the functionalities mentioned in the articles. As harnessing 

cutting-edge NLP and machine learning techniques is crucial for advancing chatbot capabilities and 

response accuracy, enhancing content delivery using NLP and ML is a functionality addressed by 

many studies in the literature (25%). Enhancing knowledge bases to incorporate qualified data is the 

second most prominent future functionality (18%). Voice-based interaction promises enhanced 

accessibility and natural user experiences (13%). Multilingual support can unlock broader 

information access and cater to diverse educational environments. Open-domain chatbots offer the 

potential for more natural and unrestricted interactions, while auto-correct features and sentiment 

analysis can improve user experience and personalize chatbot responses. Automating administrative 

tasks streamlines processes, and multi-channel integration provides seamless omnichannel support. 
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Prioritizing these functionalities needs to consider their impact on key stakeholders. However, ethical 

considerations surrounding user information capture and sentiment analysis must be carefully 

addressed to ensure privacy and responsible data use. 

 

Figure 17. Chatbot’s Future Functionalities 

Table 7. Identified future functionalities in the literature. 

Future Functions Reference 

Voice-based 

functionality 

[14,25,31,37,38,43,58] 

Enhance 

knowledgebase 

[13,15,20,23,32,33,47,62,67,68] 

Multilingualism [26,31,63] 

Misspelling checking [16,44] 

Open domain 

chatbot  

[37,41,67] 

Automate major 

administrative tasks 

[14,33,37] 

Sentiment analysis  [24,44] 

Enhance content 

delivery using NLP 

and ML  

[19,20,22,32–34,40,41,45,47,57,62,66,70] 

Multi-channel 

integration 

Improve user 

engagement 

Improve user 

experience 

Enhance privacy 

AI-generated 

Content detector 

[16,18,19,30,35] 

[34] 

[13,18,32] 

[27] 

[46] 

5. Discussion 

In this section, we discuss the implications of our findings in the context of the research 

questions. We explore how our results relate to the existing literature and address the research 

questions. We also identify any limitations of the study and suggest directions for future research to 

further develop the educational administration chatbot framework. 

5.1. Research Questions Discussion 

In this sub-section, all five research questions have been discussed in terms of findings.  
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5.1.1. Administrative Tasks/Functionalities of Chatbots in Education (RQ1) 

Our exploration of RQ1, focusing on chatbot tasks in educational institutes, reveals a promising 

landscape ripe for expansion. As expected, the most dominant is FAQ handling, with chatbots 

effectively answering user queries about institutions, academics, admissions, and more (74%). This 

automation liberates administrative staff for deeper interactions [54]. However, the potential of 

chatbots transcends mere information provision. They extend their tentacles into the realm of 

administrative support, demonstrating capabilities in tasks like managing user accounts, handling 

unanswered queries, and even basic process automation. Two key limitations become apparent. First, 

the current coverage of administrative objectives remains limited. The literature primarily focuses on 

well-defined, low-hanging fruit tasks, neglecting broader administrative domains within educational 

institutions. A vast reservoir of opportunities awaits exploration, from automated scheduling and 

enrollment management to student support, resource allocation, and even automated tuition fee 

payment. Second, the implementation of advanced administrative tasks remains in its infancy. 

Existing chatbots primarily excel at basic automation, leaving more complex workflows untouched. 

Chatbots streamlining course registration, offering personalized academic guidance, or managing 

student financial matters – these are just glimpses of the untapped potential waiting to be harnessed. 

To address these limitations, future research should pursue two distinct paths. Firstly, 

comprehensive assessments of various administrative domains within educational organizations are 

crucial. These assessments should map administrative processes, identify bottlenecks, and pinpoint 

suitable tasks for chatbot intervention. This will expand the horizon beyond the current narrow focus 

to wider opportunities for optimization. Secondly, it is imperative for researchers and developers to 

advance in designing and implementing functionalities for managing complex administrative tasks. 

This requires exploring sophisticated technologies like natural language processing and machine 

learning [1], combined with innovative design approaches that prioritize user trust and ethical 

considerations [56]. 

5.1.2. Data Used (RQ2) 

By overlooking crucial data-related questions like data source transparency, data size, data 

intents, and data preprocessing, existing research hinders our understanding of potential biases and 

limitations in chatbot knowledge bases. This lack of transparency can pose significant risks, as users 

might be unaware of the sources influencing the chatbot’s responses, potentially breeding distrust 

and reducing the perceived accuracy of the information provided [51]. In their work, the authors of 

[52] emphasize the role of high-quality training data in establishing grounding. Limited or irrelevant 

data can hinder the chatbot’s ability to understand user intent and context, leading to 

misunderstandings and frustration. Our analysis revealed that about 57% of the reviewed studies 

mentioned the data sources and collection process, and about 30% addressed the data size and intent 

or topic of their chatbot knowledge bases. Data collection and management is considered by [75] as 

a major component of data quality. With limited information on the scope and depth of the data used, 

it is difficult to assess the chatbot’s ability to handle complex inquiries or address a wider range of 

topics. Future research efforts need to focus on developing frameworks for comprehensive data 

collection and utilization in educational chatbot development. This might involve exploring diverse 

data sources beyond institute websites, investigating effective data preprocessing techniques to 

mitigate biases, and integrating user feedback mechanisms to personalize the chatbot’s knowledge 

base and ensure its ongoing relevance and accuracy. 

5.1.3. Technologies Shaping Educational Chatbots (RQ3) 

RQ3 checked the technologies used in chatbot architecture, the analysis of chatbot architecture 

in educational settings is summarized as: web platforms reign supreme (37%) as user interfaces, 

reflecting a focus on accessibility and integration with existing institutional websites. This ensures 

broad reach but risks sacrificing engagement compared to mobile apps or platforms like Facebook 

Messenger (24%). Notably, a significant 25% of studies omitted mentioning their user interface 
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choice, highlighting a potential area for improved transparency in future research. Dialogflow 

emerges as the popular dialogue manager platform (29%), likely due to its ease of use and pre-built 

templates. However, 63% of studies remained silent on the rationale behind their dialogue manager 

selection, whether opting for existing platforms or building their own using NLP/Neural networks. 

Understanding the driving force behind these choices is crucial for evaluating their appropriateness 

and effectiveness [77]. JSON files (30%) dominate as knowledge bases, likely due to their simplicity. 

However, limitations in organization and scalability necessitate exploration of structured databases 

like MySQL (16%) and MongoDB (4%). Furthermore, a concerning 10% of studies omitted specifying 

their knowledge base format, indicating another area requiring greater transparency in reporting 

technologies. 

The literature leans heavily towards retrieval-based chatbot models (65%), likely due to their 

relative ease of implementation for well-defined questions. However, the absence of clear 

justifications for choosing this model over generative (11%) or rule-based (11%) models leaves a 

critical gap in understanding. Additionally, no studies explored the possibility of hybrid models, 

potentially overlooking opportunities to leverage the strengths of multiple approaches. To enhance 

future research in this area, studies need to provide detailed explanations for: 

1. Selecting dialogue manager platforms (e.g., Dialogflow, RASA) or building their own using 

NLP/Neural networks, considering factors like performance, scalability, ease of implementation, 

and suitability for specific educational needs. 

2. Choosing specific chatbot models (retrieval, generative, rule-based) based on task complexity, 

user intent, and desired level of personalization. 

3. Exploring the potential benefits and challenges of hybrid models that combine different 

techniques. 

In their recently published work, the authors of [53] mentioned that despite notable 

advancements in natural language processing in recent years, the underlying technology of chatbots 

remains partially developed, leading to frequent errors in user interactions. Their research revealed 

that errors made by chatbots adversely impact users’ perceptions of Ease of Use, Usefulness, 

Enjoyment, and Social Presence. [78] verifies the same claim and states that while the adoption of AI-

powered chatbots has been driven by the promise of cost and time savings, they often fall short of 

meeting customer expectations, potentially leading to reduced user compliance with chatbot 

requests. Addressing these shortcomings will lead to a more comprehensive understanding of 

chatbot implementation in educational settings, paving the way for the development of engaging and 

effective learning experiences. Large language models such as ChatGPT or Gemini can be part of 

these solutions. As a recent study noted, ChatGPT has quickly gained significant interest from 

academics, researchers, and businesses [12]. However, the analysis of the literature explored that the 

utilization of generative AI in educational administration is still limited. 

5.1.4. Chatbot Evaluation in Education (RQ4) 

Our exploration in RQ5 reveals a perplexing situation in educational chatbot evaluation. 

Dedicated tools and standardized evaluation frameworks are absent [1]. Reliable human evaluation 

is crucial for understanding these models, but it’s hampered by the absence of standard testing 

procedures and the secrecy surrounding the models’ code and parameters [79]. This evaluation gap 

hinders our understanding of chatbot effectiveness and impedes their potential to revolutionize 

education. While numerous models rely on human assessment, this method proves costly, labor-

intensive, challenging to expand, prone to biases, and lacks consistency. To address these limitations, 

there is a call for the development of a novel, dependable automatic evaluation method. In supporting 

the importance of the evaluation process, the authors of [77] stated that Numerous institutions 

continue to overlook the potential of Conversational Agents (CAs) due to a deficiency in 

understanding how to assess and enhance their quality, hindering their sustainable integration into 

organizational functions. But within this challenge lies the spark of opportunity, three key solutions 

to illuminate the path forward have been proposed: 

1. Forging Specialized Tools: Instead of relying on repurposed metrics from other domains, forging 

specialized evaluation tools tailored to the unique functionalities and contexts of educational 
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chatbots. These tools should offer automated and reliable assessments of performance, accuracy, 

and user satisfaction, providing crucial insights to researchers and developers. 

2. Building a Common Framework: Collaboration is key to crafting a shared language for chatbot 

evaluation. By establishing a common set of criteria and methodologies – encompassing user 

satisfaction, response accuracy, and system usability – we can ensure consistent and comparable 

evaluations across studies. Standardized questionnaires and evaluation mechanisms, 

empowering researchers and informing stakeholders. 

3. Illuminating the Details: Transparency is vital. Researchers need to embrace meticulous 

reporting practices, explicitly documenting sample sizes and participant demographics. This 

fosters trust in evaluation results, paving the way for reproducibility and robust research 

advancements. 

In response to these limitations, the authors of [80] claimed that their research explores 

mathematical frameworks to connect individual model metrics to the answerability metric and 

presents modeling approaches for predicting a chatbot’s answerability to user queries. [79] 

introduces ChatEval, a tool designed for the evaluation of chatbots. It addresses the challenges in 

evaluating open-domain dialog systems by providing a unified framework for human evaluation. 

The responses to the topic are limited and addressing these limitations holds immense potential. 

Specialized tools can streamline evaluations, standardized frameworks can ensure consistency and 

improved reporting can build trust. According to [6], the evaluation aspect poses a significant 

challenge in the implementation of Chatbot systems in education. They highlight the importance of 

conducting appropriate evaluations to test the system’s usefulness, recommending the use of a larger 

and more representative sampling population. Our review findings are consistent with this 

perspective on evaluation. 

5.1.5. Challenges and Future Functionality (RQ5) 

To identify current practices and future functionalities, [56] refers to the importance of analyzing 

the challenges that are faced in developing effective chatbots. Therefore, RQ5 investigated the 

literature to identify the current challenges and future functionalities in educational institutes 

regarding chatbot implementation. Insufficient data, complex user queries, and language 

dependence emerge as critical challenges, often leading to limitations in response generation, context 

awareness, and administrative support. These hurdles can hinder chatbot effectiveness and adoption 

within educational institutions. To address these challenges and unlock the full potential of chatbots, 

several promising functionalities can be implemented. Extensive and diverse knowledgebases 

informed by various sources can minimize “out-of-knowledge” situations. As highlighted by [74], 

voice-based interaction enhances accessibility, catering to diverse user needs. Additionally, 

harnessing cutting-edge NLP and ML techniques can improve response quality in both retrieval-

based and generative chatbots [16]. Breaking down language barriers is crucial. We propose 

developing multilingual chatbots, trained on multi-language data, as only 5% of existing chatbots can 

interact in more than one language. Furthermore, implementing login functionality enables 

personalized information delivery based on user level. Transitioning from closed to open-domain 

chatbots effectively tackles cross-domain query challenges. To provide a seamless user experience, 

integrating chatbots across multiple communication channels like social media is valuable. Finally, 

automating administrative tasks such as submissions, enrollments, and notifications streamlines 

processes and reduces overhead [54]. Prioritizing these functionalities should consider their impact 

on key stakeholders. Students benefit from personalized learning support, efficient administrative 

processes, and accessible information. Educators gain valuable time through task automation, while 

administrators enjoy improved efficiency and data-driven insights. However, ethical considerations 

surrounding user data collection and analysis must be carefully addressed to ensure privacy and 

responsible data use. By overcoming identified challenges and implementing promising 

functionalities, the full potential of educational chatbots could be unlocked. These intelligent 

assistants have the power to personalize learning, streamline administration, and empower all 

stakeholders in the educational ecosystem. 
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5.2. Implications 

Our findings reveal the potential of administrative chatbots in educational institutions, with 

significant implications for both future research and practical applications. Regarding the enhancing 

research directions, the implications that need to be considered are: 

1. Standardized Framework Development: Existing research on administrative chatbot 

development suffers from the lack of standardization. Future studies should work towards 

establishing a standardized framework for chatbot implementation. This framework should 

define consistent data characteristics, data collection practices [75], implementation technologies 

[1], and evaluation methods [77]. 

2. Exploring Generative AI Applications: Given the limited application of Generative AI in 

educational administration (as highlighted in our review), future research should investigate 

how these advanced AI technologies can be integrated into administrative chatbots to enhance 

their capabilities and effectiveness. This could involve exploring Generative AI for 

administrative tasks that are more complex than tasks addressed in the literature. 

3. Comprehensive Evaluation Methodologies: The full potential of chatbots remains unrealized in 

many organizations due to the lack of knowledge about how to assess and enhance their quality 

for ongoing use within the organization [77]. Therefore, developing effective and consistent 

evaluation methodologies is crucial. These methodologies should incorporate diverse user 

groups (students, faculty, staff) and assess task completion rates, user satisfaction, ethical 

considerations such as data privacy [56], and impacts on learning outcomes [8]. 

4. Ethical Considerations: The ethical implications of chatbot technology in education require 

deeper exploration. This includes addressing issues such as data privacy and security [32], user 

consent [45], potential biases in chatbot responses [35], and the potential for job displacement in 

administrative roles. 

Regarding the practical applications for educational institutions, the potential implications are: 

1. Identify Key Tasks: administrative tasks/functionalities that can benefit from automation 

through chatbots need to be identified. Prioritize tasks with high repetition, clear procedures, 

and readily available data. 

2. User-Centered Design: Employing accessible and user-friendly interface designs that cater to 

diverse user populations, including students, parents, faculty, and staff. Integrate real-time 

feedback mechanisms to gather continuous user input and refine the chatbot’s performance. 

3. Comprehensive Data Collection: Ensuring access to robust and well-curated datasets relevant to 

the identified tasks. Using reliable sources, employing appropriate preprocessing techniques 

such as data cleaning, and normalization, and addressing ethical considerations throughout data 

collection and use such as anonymization. 

4. Targeted Evaluation: Rigorous evaluations using methodologies that incorporate diverse user 

groups and go beyond task completion rates need to be conducted. Measure user satisfaction, 

identify areas for improvement, and assess the impact on learning outcomes such as student 

performance, and course completion rates. 

5. Stakeholder Involvement: Integrating all stakeholders, including students, faculty, and 

administrators, throughout the chatbot development and implementation process. This ensures 

their needs are addressed, concerns are mitigated, and the chatbot aligns with institutional goals. 

6. Continuous Improvement: Implementing a feedback loop to gather user input, identify 

shortcomings, and make data-driven improvements to the chatbot’s performance over time. 

We can conclude from the above points that by following these implications and actively 

researching the identified areas, educational institutions can harness the potential of administrative 

chatbots to streamline processes, enhance user experience, and contribute to a more efficient and 

personalized learning environment. 

6. Conclusion 

This study investigated the effective use of chatbots for administrative tasks in educational 

institutions through a systematic review of 54 articles. To uncover the key factors of a potential 

chatbot framework for educational administration, we analyzed the tasks/functionalities, data 

sources, technologies, evaluation methods, and implementation challenges of existing chatbots. A 
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critical gap was found: the lack of a general framework specifically designed for developing 

administrative chatbots in educational settings. Additionally, several other critical gaps including 

limited research in this domain and the lack of integration of generative AI, such as ChatGPT, in 

educational administration were identified as important areas for further research. The findings hold 

significant implications for both future research and practical applications. Researchers can explore 

the main characteristics of a comprehensive framework for educational administration chatbots. 

Institutions, on the other hand, can employ generative AI to implement effective administrative 

chatbots tailored to their requirements. Ultimately, this research contributes to a future where 

chatbots easily support educational workflows, fostering an enhanced learning experience for all 

stakeholders. 
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