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PAPER

A Lightweight LINE-Based Knowledge Chatbot for 
Mobile Technical Certification Learning: An Empirical 
Study with ChatGPT as a Baseline

ABSTRACT
This study developed a lightweight LINE-based mobile knowledge chatbot for the Level B 
Computer Hardware Repair certification subject and examined its instructional effectiveness 
in comparison with ChatGPT. The system was deployed through the LINE mobile messaging 
platform, allowing learners to access certification-related explanations on their own smart-
phones through natural-language interaction. Unlike large language model (LLM)-based 
systems that rely on retrieval-augmented generation (RAG), vector embedding, and index 
construction, the proposed chatbot was built around a Knowledge Base Recommendation 
Algorithm (KBRA), which generates instructional responses through structured keyword 
matching and fuzzy search over a domain-specific knowledge base. This mobile deploy-
ment was designed to provide a low-cost, easily accessible, and interactive learning sup-
port tool for bounded technical certification domains. A nonequivalent pretest–posttest 
quasi-experimental design was adopted. The experimental group used the LINE-based 
KBRA chatbot for mobile self-directed learning, whereas the control group used ChatGPT. 
Both groups participated in an eight-week intervention and completed pre-test and post-test 
assessments consisting of 10 open-ended questions. The results showed that both groups 
achieved substantial learning gains. After controlling for pre-test scores, analysis of covari-
ance (ANCOVA) revealed no significant difference in post-test performance between the two 
groups, and the effect size associated with group membership was negligible. In addition, the 
two one-sided tests (TOST) equivalence analyses indicated that the learning gains of the two 
groups were practically equivalent within a ±10-point margin. These findings suggest that, 
in this bounded certification-learning context, the LINE-based KBRA chatbot may provide 
learning support comparable to ChatGPT under the conditions examined. However, this com-
parability should be interpreted cautiously because the study was conducted with a small 
sample, a single certification domain, and a specific eight-week self-directed learning setting. 
The proposed chatbot should therefore be regarded as a feasible and deployment-friendly 
learning support option for structured technical certification learning, rather than as a gen-
eral alternative to ChatGPT.
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1	 INTRODUCTION

Since the 1970s, behaviorism has been widely recognized in academia as a the-
oretical framework capable of explaining learning processes related to knowledge 
acquisition and memory [1]. Drill-and-practice digital learning, grounded in behavior-
ist principles, is a widely adopted instructional approach, particularly suited for test 
bank–based cognitive learning. This approach is built on the stimulus–response (S-R) 
association model, in which repeated exposure to stimuli and corresponding responses 
are reinforced through immediate feedback. Positive reinforcement is provided 
through praise and rewards, while punishment suppresses incorrect responses (law of 
effect). The closer the feedback follows the response, the more effective the reinforce-
ment (law of contiguity). Additionally, mastery is achieved through constant repetition 
and practice, emphasizing the strengthening of S-R connections (law of exercise) [2].

Drill-and-practice digital learning is widely adopted in the theoretical component 
of technical certification examinations to support classroom instruction. Through S–R–
feedback learning cycles, students can repeatedly practice large-scale item banks to 
reinforce knowledge recall. The integration of gamification elements has been shown to 
reduce the monotony of repetitive training, improve intrinsic motivation for self-directed 
learning, and thereby enhance learning performance [3]–[6]. However, drill-and- 
practice approaches primarily promote memorization of question banks rather than 
fostering an understanding of the underlying concepts and meanings of the items.

Generative chatbots (e.g., ChatGPT and Gemini) are rapidly emerging as import-
ant instructional tools for supporting subject-matter learning in professional and 
technical domains. Regarding learning effectiveness, multiple empirical studies 
have shown that students who interact with chatbots demonstrate better academic 
performance than control groups engaging solely with teacher-led instruction, and 
they also exhibit positive attitudes toward AI-assisted learning [7]–[10]. In terms 
of personalized and self-directed learning, generative AI can automatically pro-
vide diverse learning materials, practice exercises, and real-time feedback tai-
lored to individual learner needs, thereby enhancing self-assessment and learning 
motivation [9], [11]–[13]. For innovation in assessment and instructional design, 
AI enables automated grading, the generation of multiple assessment formats, and 
supports teachers in designing personalized and interactive coursework [9], [10], 
[13], [14]. However, due to the risks of factual inaccuracies, biased content, and 
inappropriate pedagogical use during implementation, careful teacher supervision 
and pedagogical guidance remain essential [15]–[17], [29]. These findings suggest 
that generative chatbots have considerable potential for supporting self-directed 
and domain-specific learning, but their use in certification preparation still requires 
attention to accuracy, response control, and implementation conditions [24], [27].

In technical certification examinations, generative AI can assist candidates in 
practicing item banks, providing instant responses to subject-related inquiries, and 
improving learning efficiency across multiple domains [18]. Moreover, AI-assisted 
learning has been shown to enhance learners’ motivation, knowledge mastery, and 
exam confidence, making it particularly suitable for self-directed and distance learn-
ing contexts [19]. Nevertheless, when certification knowledge is bounded and highly 
structured, it remains necessary to examine whether simpler and more transparent 
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chatbot approaches, including rule-based or knowledge-based tutoring systems, can 
provide comparable learning support with lower implementation costs [24], [26].

Retrieval-augmented generation (RAG) is an artificial intelligence technique that 
integrates the generative capabilities of large language models (LLMs) with infor-
mation retrieval mechanisms over external knowledge sources, such as documents 
or databases. By retrieving relevant information prior to response generation, RAG 
enables AI systems to produce more accurate, specific, and up-to-date answers. This 
approach can mitigate common limitations of LLMs, including outdated knowledge 
and factually inconsistent responses, making it suitable for domain-specific applica-
tions. The construction of a RAG vector database typically consists of four major stages: 
document parsing and cleaning, text chunking, embedding generation, and index 
construction. These stages require substantial computational resources, including 
CPU (or GPU) processing power, system memory, and disk I/O. In educational settings 
with limited computational resources, these preprocessing, embedding, and indexing 
requirements may create practical barriers to system construction, maintenance, and 
updating. Prior studies on vector search and indexing further show that retrieval infra-
structures involve important trade-offs among construction cost, retrieval efficiency, 
scalability, and accuracy. Hierarchical Navigable Small Worlds (HNSW) constructs its 
index incrementally by inserting vectors into a multi-layer proximity graph, which 
introduces additional construction overhead due to neighbor selection and multi-
layer maintenance. However, the absence of training or coarse search structures and 
the possibility of parallel implementation make the construction cost manageable and 
suitable for offline indexing scenarios [20]. By optimizing k-selection and fully exploit-
ing GPU parallelism, the proposed approach significantly reduces vector index con-
struction time, enabling billion-scale k-NN graph construction within practical offline 
time constraints while maintaining high retrieval accuracy [21]. Milvus is designed 
to efficiently manage large-scale and dynamic vector data by supporting incremental 
index construction, heterogeneous CPU–GPU acceleration, and distributed indexing, 
thereby reducing the need for expensive full reindexing while maintaining scalable 
performance [22]. ANN-Benchmarks systematically demonstrate that index construc-
tion time is a critical yet algorithm-dependent factor in approximate nearest neighbor 
(ANN) search, revealing inherent trade-offs between construction overhead, retrieval 
accuracy, and query efficiency and underscoring the importance of offline indexing 
in large-scale vector search systems [23]. Taken together, these studies indicate that 
vector indexing and retrieval infrastructures can be powerful for large-scale AI appli-
cations, but they also involve construction, indexing, and maintenance considerations 
that may be disproportionate for small, bounded certification-learning domains. This 
motivates the present study’s focus on a lightweight knowledge-base-centered chatbot 
that avoids embedding generation and vector index construction while supporting 
mobile, domain-specific learning interaction [25], [26], [30], [31].

Recent work on educational chatbots and mobile learning has also emphasized 
their value in supporting flexible access, immediate interaction, and learner-centered 
guidance in higher education contexts [25], [28], [30], [31]. In particular, recent 
bibliometric evidence indicates that mobile learning has become an increasingly 
important research direction in higher education, with growing attention to flexi-
bility, accessibility, and technology-mediated learning environments [28]. This study 
takes the Level B Computer Hardware Repair certification subject as a case example 
and aims to develop a lightweight knowledge-based chatbot for supporting learners’ 
conceptual understanding of technical certification content. Although the integration 
of LLMs with RAG enables natural language interaction with learners and provides 
domain-specific expertise, such approaches are associated with substantial compu-
tational and maintenance costs. In particular, the runtime requirements of LLMs, 
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together with the construction time and indexing overhead of vector databases, 
impose significant demands on hardware resources. Moreover, system responsive-
ness is highly dependent on the specifications of the underlying computing platform, 
and such systems may still generate unsupported or factually inconsistent responses.

To address these limitations, this study developed a lightweight LINE-based 
mobile knowledge chatbot for supporting technical certification learning. The sys-
tem was designed for smartphone-based access through the LINE mobile messaging 
platform, allowing learners to ask certification-related questions and receive 
immediate instructional responses during self-directed learning. Rather than rely-
ing on LLM–RAG integration, the chatbot uses a structured knowledge base and 
a Knowledge Base Recommendation Algorithm (KBRA) to retrieve and deliver 
domain-specific explanations through conversational interaction. In this sense, the 
study is positioned within the field of interactive mobile learning technologies: it 
examines how a lightweight mobile chatbot can provide accessible, low-resource, 
and domain-bounded learning support in a technical certification context.

The objectives of this study were threefold: (1) to design and implement a LINE-
based mobile knowledge chatbot using a structured knowledge base and KBRA; 
(2) to evaluate whether learners using the mobile KBRA chatbot achieved learning 
outcomes comparable to those using ChatGPT; and (3) to examine the practical impli-
cations and limitations of using lightweight mobile chatbot systems for bounded 
technical certification learning.

2	 MATERIALS AND METHODS

2.1	 System architecture and mobile deployment

The proposed chatbot was implemented as a LINE-based mobile learning system 
to support self-directed technical certification learning. LINE was selected as the 
user-facing platform because it is a widely used mobile messaging application in 
Taiwan and allows learners to interact with the chatbot through a familiar smart-
phone-based interface. Learners did not need to install a separate educational 
application; instead, they accessed the chatbot by adding the LINE Bot as a learning 
contact and submitting questions through ordinary text messages. The overall sys-
tem architecture and learner interaction flow are shown in Figure 1.

Fig. 1. Architecture and interaction flow of the LINE-based mobile KBRA chatbot
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The system consisted of three main components: (1) the LINE mobile user interface, 
through which learners entered natural-language questions and received instructional 
responses; (2) a Google Apps Script backend, which received user messages through 
the LINE Messaging API and executed the KBRA matching procedure [5]; and (3) a 
structured knowledge base, implemented as a table containing keyword fields and 
corresponding tutoring contents. As shown in Figure 1, when a learner submitted a 
question through the LINE mobile interface, the message was first sent to the backend 
service through the LINE Messaging API. The backend then normalized the input, que-
ried the structured knowledge base, and executed the KBRA matching procedure to 
identify the most relevant knowledge entry. Finally, the selected tutoring content was 
returned to the learner through the LINE chat interface as an instructional response.

The mobile interaction design emphasized accessibility, immediacy, and low deploy-
ment cost. Learners could ask questions at any time during the self-directed learning 
period, including outside the classroom, and receive immediate responses through the 
same mobile communication environment they used in daily life. The chatbot inter-
action was therefore not limited to a desktop computer laboratory or a fixed learning 
management system. This design was intended to support flexible mobile learning, 
particularly for students preparing for technical certification examinations who may 
need repeated access to short explanations while reviewing question-bank content.

2.2	 Materials

The KBRA was used in this study as a lightweight rule-based recommendation 
procedure for selecting tutoring content from a structured domain-specific knowl-
edge base. It was not intended to replace more advanced retrieval or generative AI 
methods; rather, it was designed to provide a transparent, easily maintainable, and 
low-resource mechanism suitable for bounded certification-learning content.

To ensure that the subject-matter chatbot can accurately respond to users’ 
open-ended queries, the system incorporates a KBRA designed on keyword match-
ing and fuzzy search mechanisms. The core logic of the system is grounded in a 
structured knowledge base, where each entry contains five keyword fields (key-
word1 to keyword5) and a corresponding instructional response.

When a user submits a query, U, the system first normalizes the input by convert-
ing all English text to lowercase, thereby eliminating case-sensitivity issues during 
keyword matching. Subsequently, for each knowledge base entry Bi, the system 
retrieves its associated keyword set

	 Ki = {ki1, ki2, ki3, ki4, ki5},	

and computes a relevance score Si between the entry and the user input. The 
scoring procedure is defined as follows:
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In other words, the system performs a fuzzy match between each non-empty key-
word and the user input U. Every occurrence of a keyword contributes one point to 
the relevance score. This matching mechanism allows users to phrase their queries 
in natural language while enabling the system to perform tolerant, partial-keyword 
matching to improve flexibility and robustness.

After computing all relevance scores, the system identifies the entries that achieve 
the highest score. Let Smax denote the maximum score, and define the candidate set as:

	 C = {BiSi = Smax, Si > 0}	 (3)

If multiple entries share the same highest score, the system randomly selects one 
from the candidate set as the final response:

	 B∗ ∼ Uniform(C)	 (4)

The final output returned to the user is therefore:

	 Response = B∗ . tutoring_contents	 (5)

If no entry obtains a positive relevance score (i.e., Si = 0 for all i), the system 
returns a default message informing the user: “Sorry, I am still learning. I will record 
your question and try to answer it next time!”.

The pseudocode for the proposed KBRA is presented below:

Function handleMessage(userInput):
  totalbank ← get_rows_knowledge_bank_main()
 message ← “Sorry, I am still learning. I will record your question and try to answer it next time!”
 maxScore ← 0
 topMatches ← empty list
 userInput ← userInput.toLowerCase()
 For each bankdata in totalbank:
  score ← 0
  keywords ← [bankdata.keyword1, keyword2, keyword3, keyword4, keyword5]
  For each keyword in keywords:
   If keyword is not null/undefined/empty:
    keywordLower ← keyword.toLowerCase()
    If userInput contains keywordLower:
     score ← score + 1
  If score > maxScore:
   maxScore ← score
   topMatches ← [bankdata]
  Else if score == maxScore and score > 0:
   Append bankdata to topMatches
 If topMatches is not empty:
  randomIndex ← random number between 0 and length(topMatches)-1
  message ← topMatches[randomIndex].tutoring_contents
 replyMessage ← {
  “type”: “text”,
  “text”: message
 }
 lineReplyMessage(replyToken, [replyMessage])

For KBRA, let N denote the number of entries in the knowledge base and |U| the 
length of the user query. Since each knowledge base entry contains a fixed number 
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of keywords (K = 5), the relevance computation for a single entry requires at most 
O(|U|) time for fuzzy keyword matching. The algorithm scans the entire knowledge 
base once to compute relevance scores, resulting in an overall time complexity of 
O(N|U|). As the keyword dimensionality is constant, the computational cost scales 
linearly with the knowledge base size and the input length. This lightweight com-
plexity enables efficient real-time responses without requiring high-dimensional 
vector indexing or large-scale model inference.

Through the aforementioned matching mechanism, the system incorporates 
fuzzy-search capabilities and a diverse response strategy. The verification results of 
the open-ended question–answering function are shown in Figure 2. When students 
encounter difficulties with items in the question bank, they may pose their questions 
to the subject-matter chatbot. The chatbot then applies the KBRA to suggest the most 
relevant answer.

A knowledge base
recommendation algorithm is
used to recommend the most
appropriate answer.

Students ask questions
they do not understand. 

Fig. 2. Verification of the KBRA function

Next, a supplementary expert-scored response-quality comparison was con-
ducted to compare the responses generated by the KBRA-based chatbot and ChatGPT 
within the Level B Computer Hardware Repair certification domain. This compar-
ison was not intended to serve as a general benchmark of chatbot performance, 
nor was ChatGPT treated as the ground truth. Instead, the purpose was to provide a 
limited, domain-specific comparison of response quality based on expert judgment, 
focusing on conceptual accuracy, completeness, relevance to the expected certifi-
cation content, and the presence of unsupported or unnecessary elaboration. The 
scope of this comparison was limited to the Level B Computer Hardware Repair 
certification question bank, within which 10 open-ended questions were designed 
for testing. The same set of prompts was submitted to both systems. ChatGPT was 
accessed through the standard web interface available at the time of the study, 
and no external files, customized knowledge sources, or additional retrieval tools 
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were used. Because the exact backend model version was not fixed or controlled 
by the researchers, the study reports the ChatGPT access condition rather than 
treating a specific model version as an experimentally controlled variable. The test 
responses were evaluated by a domain expert based on the accuracy of key con-
cepts, completeness of explanation, relevance to the expected certification content, 
and presence of unsupported or unnecessary elaboration. Each item was scored on 
a 10-point scale, yielding a maximum possible score of 100. The scoring results are 
presented in Table 1.

Table 1. Expert-scored response-quality comparison between the KBRA-based chatbot and ChatGPT on a 
100-point scale

No. Topic  
Category

KBRA-Based 
Chatbot Score

ChatGPT  
Score Key Remarks

1 Definition of 
Karnaugh Map

95 95 Both systems accurately explained the role of 
Gray code and the mechanism of Boolean logic 
simplification.

2 Optical Disc Data 
Transfer Rate

100 95 The KBRA-based chatbot provided a concrete 
numerical example, whereas ChatGPT presented 
a general formula.

3 Series Resistance 
Calculation

100 100 Both systems correctly applied the additive rule 
for total resistance (Rt).

4 Soldering 
Temperature

90 90 Both systems correctly indicated that a 30W 
soldering iron can provide a stable temperature 
of approximately 300–350°C.

5 Odd 
Parity Check

95 98 ChatGPT provided a more detailed explanation of 
the conditions for assigning 0s and 1s.

6 One’s 
Complement

90 92 Both systems described bitwise inversion, while 
ChatGPT further elaborated on the concept of 
two’s complement.

7 PCB Component  
Labeling

100 100 Both systems correctly identified that the prefix 
“R” denotes a resistor.

8 IDE Ribbon 
Cable Standard

95 95 The KBRA-based chatbot accurately defined the 
40-pin standard.

9 BASIC Operator 
Precedence

85 95 ChatGPT provided a more comprehensive hierarchy, 
including modulus (Mod) and integer division.

10 Ripple Counter  
Design

100 100 Both systems correctly derived the condition 
(2n >= 5).

Figure 3 shows the expert-scored response-quality scores of the KBRA-based 
chatbot and ChatGPT. The supplementary comparison results indicate that both the 
KBRA-based chatbot and ChatGPT demonstrated strong performance across the 10 
evaluation items, suggesting that both systems were capable of providing generally 
accurate responses to foundational topics in computer hardware and electronics 
within this bounded certification domain. Based on the scores presented in the table, 
the KBRA-based chatbot achieved a total score of 950, corresponding to an average 
score of 95, whereas ChatGPT obtained a total score of 960, corresponding to an 
average score of 96. The difference between the two systems was therefore mini-
mal, indicating that the KBRA-based chatbot performed at a level highly compara-
ble to that of ChatGPT in this limited expert-scored response-quality comparison. 
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However, this comparison should be interpreted as a supplementary expert-scored 
response-quality analysis rather than as a general benchmark of chatbot perfor-
mance. Because the comparison was based on 10 prompts and one domain expert 
rater, it does not provide evidence for broader claims about chatbot reliability across 
different domains, tasks, or system conditions.

Fig. 3. Expert-scored response-quality scores of the KBRA-based chatbot and ChatGPT

A closer examination of the item-level results shows that the two systems pro-
duced identical scores on several questions, including Items 1, 3, 4, 7, 8, and 10. In 
particular, both systems received full marks on Items 3, 7, and 10, which suggests 
that they were equally effective in handling questions involving well-defined con-
cepts, straightforward rules, or fixed computational logic. This pattern implies that, 
for structured knowledge-based questions with relatively unambiguous answers, 
the KBRA-based chatbot can achieve a level of accuracy comparable to that of an 
LLM such as ChatGPT.

The differences between the two systems were mainly observed in questions 
requiring more elaborated conceptual explanation. For example, in Item 5 (odd par-
ity checking), ChatGPT received a slightly higher score because its explanation of 
the conditions for assigning 0s and 1s was more detailed. A similar pattern was 
observed in Item 6 (one’s complement), where both systems correctly described bit 
inversion, but ChatGPT further extended the explanation by referring to the concept 
of two’s complement. The largest score gap appeared in Item 9 (BASIC operator pre-
cedence), in which ChatGPT provided a more comprehensive account of the hierar-
chical structure of operators, including modulus and integer division. These results 
suggest that ChatGPT showed a relative advantage in questions that benefited from 
broader contextual explanation or additional instructional elaboration.

At the same time, the KBRA-based chatbot also showed competitive performance 
and even outperformed ChatGPT on Item 2 (optical disc data transfer rate), where it 
received a higher score due to its inclusion of a concrete calculation example. This 
result suggests that when a question corresponds closely to a well-defined knowl-
edge entry or procedural example, the KBRA-based chatbot can provide responses 
that are not only accurate but also closely aligned with expected evaluation criteria.

Overall, the findings suggest that the KBRA-based chatbot has substantial poten-
tial as a domain-specific instructional support tool. Although ChatGPT showed 
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a slight advantage on several items requiring more detailed or extended explana-
tions, the overall difference between the two systems was very small. The results 
therefore support a cautious interpretation: within this limited expert-scored 
comparison and bounded certification-learning domain, the KBRA-based chatbot 
produced response-quality scores close to those of ChatGPT. This finding suggests 
practical comparability under the specific conditions examined, particularly when 
the domain knowledge can be explicitly organized and systematically retrieved, 
but it does not imply general equivalence across broader domains or open-ended 
learning tasks.

2.3	 Methods

The research framework of this study is illustrated in Figure 4. A nonequivalent 
pre- and post-test quasi-experimental design was adopted, comprising an experi-
mental group and a control group. Because the study was conducted in an authen-
tic classroom teaching context, random assignment at the individual level was not 
feasible. Therefore, participants were assigned to the two groups using convenience 
sampling based on intact class arrangements. The experimental group consisted of 
26 participants (23 males and 3 females), while the control group included 25 par-
ticipants (22 males and three females). The participants were students enrolled in 
the 2025 academic year and participated in technical certification-related learning 
activities. In terms of academic background, approximately four-fifths of the par-
ticipants came from information/electrical-related fields, whereas approximately 
one-fifth came from business-related fields. Most participants had basic prior 
exposure to computer hardware concepts through coursework or certification 
preparation, but they had not previously received systematic learning support from 
the proposed KBRA-based chatbot. All participants were fully informed of the exper-
imental procedures and provided written informed consent prior to participation. 
This study was conducted as part of the MOE Teaching Practice Research Program 
(Project No. PED1143504) in an authentic educational setting and involved minimal 
risk to the participants. No personally identifiable information was collected, and all 
data, including pre-test scores, post-test scores, and system usage logs, were analyzed 
anonymously and reported only in aggregated form. According to the institutional 
guidelines of National Taitung Junior College, formal institutional ethics approval 
was not required for this type of minimal-risk educational research. The study was 
conducted in accordance with relevant institutional guidelines and regulations.

Self-directed learningPre-test Post-test

• Experimental Group: Use of the KBRA-based chatbot

• Control Group: Use of ChatGPT

Learning effectiveness

Fig. 4. Research framework of the study
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To improve assessment transparency, the full pre-test and post-test questions 
are provided in Appendix A. The pre- and post-test consisted of 10 open-ended 
questions designed to assess learners’ conceptual understanding of the Level B 
Computer Hardware Repair certification content. The two tests used different but 
content-equivalent items. Specifically, the items were constructed to cover the same 
major knowledge categories, including Karnaugh maps, optical disc data transfer 
rate, Boolean algebra, soldering knowledge, parity checking, one’s and two’s com-
plement, IDE/SATA cable standards, BASIC operator precedence, and ripple counter 
design. Although the wording and numerical values differed between the pre- and 
post-test, the two instruments were designed to assess comparable conceptual knowl-
edge and procedural reasoning within the same certification question-bank scope.

Each item was scored on a 10-point scale, yielding a maximum possible score of 
100. A predefined scoring rubric was used for all open-ended responses. For each 
item, 4 points were assigned to correctness of key concepts or procedures, 3 points 
to completeness of the explanation or calculation process, and 3 points to relevance 
and clarity in relation to the expected certification content. Full credit was awarded 
when a response accurately addressed the required concept or procedure, provided 
a sufficiently complete explanation or calculation, and remained directly relevant 
to the question. Partial credit was awarded when a response was conceptually rele-
vant but incomplete or only partially correct. Little or no credit was awarded when 
a response was incorrect, irrelevant, or failed to address the expected concept. To 
maintain scoring consistency, all pre- and post-test responses were evaluated by 
the same instructor using the same rubric. Because only one domain expert was 
involved in the scoring process, inter-rater reliability could not be calculated; this 
issue is acknowledged as a limitation of the study.

Participants in the experimental group engaged in self-directed learning using 
the KBRA-based chatbot proposed in this study, whereas those in the control group 
used ChatGPT as the baseline learning tool. Both groups followed the same learning 
goal, studied the same certification question-bank scope, and completed the same 
self-directed learning period. Participants in the control group were instructed to 
use ChatGPT for self-directed learning related to the Level B Computer Hardware 
Repair certification content during the intervention period. No fixed prompt tem-
plate was imposed, as the study aimed to reflect authentic self-directed learning 
behavior in a natural educational setting. Participants were allowed to interact with 
ChatGPT using natural-language questions in a manner consistent with ordinary 
self-directed learning practice. No additional external tools, uploaded documents, 
or customized knowledge sources were integrated into the ChatGPT condition. 
For the experimental group, system usage logs were collected through the Google 
Apps Script server-side dataset, including user query records and chatbot response 
records generated during the use of the LINE-based KBRA chatbot. These logs were 
used primarily to verify system use during the intervention; detailed behavioral 
log analysis was beyond the scope of the present study. Prior to the intervention, 
all participants completed a pre-test. This was followed by an eight-week period of 
self-directed learning, after which a post-test was administered. Subsequently, learn-
ing effectiveness was analyzed.

To examine differences in subject-matter understanding of the Level B Computer 
Hardware Repair certification between participants using different chatbot systems, 
the instructor did not intervene in the self-directed learning process during the instruc-
tional experiment. All participants were allowed to study across the full scope of the 
subject question bank. Statistical analyses were conducted using SPSS version 21. In 
addition to analysis of covariance (ANCOVA), an equivalence analysis was conducted 
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using the two one-sided tests (TOST) procedure on learning gain scores (Δ = Post - Pre). 
Given that each test consisted of 10 open-ended items scored on a 10-point scale, an 
equivalence margin of ±10 points was adopted as a practically interpretable criterion, 
corresponding to approximately one item difference on the 100-point scale.

3	 RESULTS

After the completion of the instructional experiment, statistical analyses were 
conducted using ANCOVA. The results are reported as follows.

1.	 Descriptive Statistics
	  This study adopted a nonequivalent pretest–posttest quasi-experimental 

design, consisting of an experimental group (KBRA-based chatbot) and a con-
trol group (ChatGPT). Both groups completed a pre- and a post-test. To present 
overall learning performance, descriptive statistics—including the mean and 
standard deviation—were calculated for the pre-test, post-test, and learning gain 
(Δ = Post - Pre).

	  The descriptive statistics (Mean ± SD) are summarized in Table 2. As shown 
in Figure 5, both groups demonstrated substantial improvement from pre- to 
post-test, with similar mean post-test performance levels, providing an overall 
descriptive overview of learning gains prior to covariate adjustment. In addi-
tion, the variability of learning gains was somewhat higher in the ChatGPT group 
(SD = 18.35) than in the KBRA group (SD = 12.84).

Table 2. Descriptive statistics of pre-test, post-test, and learning gain scores

Group n Pre-Test Post-Test Gain (Δ)

Experimental (KBRA) 26 25.58 ± 10.71 75.77 ± 15.15 50.19 ± 12.84

Control (ChatGPT) 25 26.80 ± 12.15 76.00 ± 19.04 49.20 ± 18.35

Fig. 5. Mean pre- and post-test scores for KBRA and ChatGPT
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2.	 Baseline Group Comparison (Pre-test)
	  To examine whether the two groups were similar in terms of initial ability prior 

to the intervention, a between-group comparison was conducted using pre-test 
scores. Given the sample size and the potential inequality of variances between 
groups, Welch’s independent-samples t-test was employed.

	  The hypotheses were defined as follows:

	 H0:µpre,exp = µpre,ctrl	

	  The results of Welch’s t-test were as follows:

	 t = −0.381, df ≅ 47.693, p = 0.705	

	  The results indicate that the difference in pre-test scores between the two 
groups did not reach statistical significance at the α = 0.05 level.

	  To further quantify the magnitude of the baseline difference, Cohen’s d was 
calculated using the pooled standard deviation:

	 d
x x
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�
�

1 2 	 (6)
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	  Substituting the observed values in this study yields:
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	  This result indicates a small effect size for the baseline difference between 
groups. Taken together, the baseline comparison suggests that the two groups 
were broadly similar in initial ability prior to the intervention.

3.	 Analysis of Covariance
	  This study employed a nonequivalent pretest–posttest quasi-experimental 

design to compare learning effectiveness between the experimental group 
(KBRA-based chatbot) and the control group (ChatGPT). Learning effectiveness 
was measured using post-test scores, with pre-test scores included as a covariate 
to control for the influence of learners’ initial ability on post-test performance.
a)	 Preliminary Assumption Check: Homogeneity of Regression Slopes
	   Prior to conducting ANCOVA, the assumption of homogeneity of regres-

sion slopes was examined to determine whether the relationship between 
pre- and post-test scores was consistent across groups. To this end, an inter-
action term between group and pre-test scores was included in the model, as 
specified below:

	 Post = β0 + β1Pre + β2Group + β3(Pre × Group) + ε	 (8)

	   In this model, β₃ was used to test whether the effect of pre-test scores on 
post-test performance differed by group. The interaction effect was not statis-
tically significant, with the following result:

	 F(1, 47) = 0.245, p = 0.623
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	   This finding indicates that the relationship between pre- and post-test 
scores did not differ significantly between the two groups. As illustrated in 
Figure 6, the fitted regression lines for the two groups also show a broadly 
similar relationship between pre- and post-test scores. Therefore, the assump-
tion of homogeneity of regression slopes was satisfied, and the conventional 
ANCOVA model assuming equal slopes across groups was adopted for the 
subsequent analysis.

Fig. 6. Pre- and post-test scores for KBRA and ChatGPT

b)	 Conventional Analysis of Covariance
	   Because the assumption of homogeneity of regression slopes was satisfied, 

a conventional ANCOVA model was employed to examine differences in post-
test performance between the two groups while controlling for pre-test scores.

	   The ANCOVA results showed that the covariate effect of pre-test score was 
statistically significant:

	 F(1, 48) = 12.116, p = 0.001	

	   This finding indicates that learners’ initial ability had a significant influence 
on post-test performance. However, after controlling for pre-test scores, the 
main effect of group was not statistically significant:

	 F(1, 48) = 0.019, p = 0.892	

	   These results suggest that, after adjustment for initial ability, no statistically 
significant difference in post-test performance was observed between the 
KBRA and ChatGPT groups.

c)	 Effect Size Analysis of Group Effects
	   To quantify the practical magnitude of the group effect within the ANCOVA 

model, an effect size analysis was conducted. The effect size was expressed 
using partial eta squared (partial η2), which represents the proportion of 
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variance in post-test scores attributable to group membership after controlling 
for other factors.

	   The formula for calculating partial η² is given as follows:

	 �
p

group

group error

SS

SS SS
2 �

�
	 (9)

	   Based on the sums of squares obtained from the ANCOVA results, 
SSgroup = 4.471 and SSerror = 11525.395. Substituting these values into the for-
mula yields:

	 �p
2 0 0004� . 	

	   The results indicate that the partial η2 for the group effect was approx-
imately 0.0004, which is considered a negligible-to-small effect size. This 
finding suggests that, after controlling for pre-test scores, only about 0.04% of 
the variance in post-test performance can be attributed to the type of chatbot 
used. Overall, the effect size results indicate that the magnitude of the differ-
ence in learning effectiveness between the two groups was extremely limited 
within the scope of this study.

4.	 Additional Equivalence Analysis Using TOST
	  To further examine whether the learning effectiveness of the two groups could 

be regarded as practically equivalent, an additional equivalence analysis was 
conducted using the TOST procedure on learning gain scores (Δ = Post − Pre). 
Given that each test consisted of 10 open-ended items scored on a 10-point 
scale, an equivalence margin of ±10 points was adopted as a practically inter-
pretable criterion, corresponding to approximately one item difference on the 
100-point scale.

	  The mean gain score was 49.20 ± 18.35 for the ChatGPT group and 50.19 ± 12.84 
for the KBRA group, yielding a mean difference of 0.99 points (KBRA − ChatGPT). 
The 90% confidence interval for the mean difference was [−6.49, 8.48].

	  When the equivalence bounds were set at ±10 points on the 100-point scale, 
both one-sided tests were significant, supporting the conclusion that the two 
groups were equivalent under this predefined margin. Accordingly, under 
the ±10-point criterion, the learning gains of the KBRA and ChatGPT groups may 
be regarded as practically equivalent.

4	 DISCUSSION

The discussion is organized into three parts: (1) Construction Procedure 
Comparison: KBRA vs. RAG, (2) Comparison of Learning Effectiveness Between 
the KBRA-Based Chatbot and ChatGPT, and (3) Expert-Scored Response-Quality 
Comparison Between the KBRA-Based Chatbot and ChatGPT.

1.	 Construction Procedure Comparison: KBRA vs RAG
	  In RAG-based systems, constructing a usable knowledge source typically 

requires building a vector database through a multi-stage pipeline. This pipe-
line begins with knowledge ingestion, where domain documents (e.g., textbooks, 
question banks, manuals, or web pages) are collected, followed by preprocessing 
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to parse, clean, and normalize the extracted text. The processed content is then 
segmented using a chunking strategy (e.g., fixed-size or overlapping chunks) to 
preserve contextual coherence. Next, each chunk is transformed into a dense vec-
tor representation during the embedding stage, which often constitutes the most 
computationally intensive part of the process and requires substantial CPU/GPU 
resources. Finally, the resulting embeddings must be organized through indexing 
and storage, where approximate nearest neighbor (ANN) indexes (e.g., HNSW/
IVF) are created and stored in a vector database to enable efficient retrieval. As 
a result, RAG introduces not only online retrieval and generation components 
but also a non-trivial offline construction cost and maintenance overhead, 
particularly when knowledge sources are frequently updated or when embed-
ding/index configurations are modified.

	  In contrast, the proposed KBRA-based chatbot adopts a knowledge-base-centered 
construction procedure that avoids the embedding-and-indexing pipeline 
entirely. Instead of converting documents into high-dimensional vectors, KBRA 
relies on a structured knowledge base in which each entry is explicitly organized 
to include a small, fixed set of keyword fields (keyword1–keyword5) and an asso-
ciated instructional response. Similar to the initial knowledge preparation stage 
in RAG-based systems, the KBRA construction procedure also requires domain 
content collection, organization, and normalization. However, rather than pars-
ing documents into chunks and transforming them into vector embeddings, 
KBRA structures the prepared content directly into knowledge base entries for 
subsequent keyword matching and fuzzy search. The construction procedure 
primarily involves preparing domain content, structuring it into knowledge base 
entries, and performing lightweight normalization (e.g., lowercasing, removing 
empty fields, and optionally consolidating synonymous terms). Once registered 
in the system (e.g., via a table or database), the knowledge base can be imme-
diately used for query handling through keyword matching and fuzzy search. 
Because KBRA does not require vectorization or ANN index construction, it sub-
stantially simplifies system setup and updating: adding or revising knowledge 
can be achieved by editing or appending entries without triggering time-con-
suming re-embedding or re-indexing processes. Consequently, KBRA provides 
a deployment-friendly alternative that maintains real-time responsiveness 
through lightweight matching while reducing dependence on high-performance 
hardware required by LLM–RAG pipelines.

	  The contribution of the proposed system should be interpreted primarily from 
an implementation and evaluation perspective. The KBRA mechanism is intention-
ally simple, relying on structured keyword fields and fuzzy matching rather than 
embeddings, vector indexing, or open-ended generation. Therefore, the value of 
the system does not lie in replacing existing rule-based or retrieval-based chatbot 
approaches but in demonstrating how a lightweight knowledge-base-centered 
mechanism can be integrated into a mobile messaging environment and empir-
ically evaluated in a bounded technical certification-learning context. This 
positioning is particularly relevant for educational settings in which ease of 
deployment, maintainability, and low computational requirements are import-
ant practical considerations.

2.	 Comparison of Learning Effectiveness Between the KBRA-Based Chatbot 
and ChatGPT

	  This study compared the learning effectiveness of a KBRA-based chatbot and 
ChatGPT in the context of the Level B Computer Hardware Repair certification 
subject. The results indicate that, after controlling for learners’ initial ability, 
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no statistically significant difference in post-test performance was observed 
between the two groups. In addition, the group-related effect size was negligible, 
suggesting that the difference in learning effectiveness between the KBRA and 
ChatGPT groups was minimal in this study. These findings suggest that, under 
the conditions examined in this study, the KBRA-based chatbot provided learning 
support that was practically comparable to ChatGPT within the bounded Level 
B Computer Hardware Repair certification learning context. This interpretation 
should be made cautiously because the study involved a relatively small sample, 
non-random group assignment, and a single certification domain.

	  From a methodological perspective, these results carry important implica-
tions. ChatGPT relies on LLMs for inference and offers highly flexible natural 
language generation capabilities. In contrast, the KBRA-based chatbot is built 
upon a structured knowledge base and a keyword-based matching mechanism, 
responding to learners’ queries through explicitly defined domain knowledge 
and matching rules. Given the similar learning outcomes observed in the two 
groups, the findings suggest that highly complex and resource-intensive genera-
tive models are not the only viable solution for supporting subject-matter under-
standing. For technical certification subjects with well-defined and bounded 
knowledge domains, the present findings indicate that a carefully structured 
knowledge-based chatbot may provide useful instructional support under spe-
cific implementation conditions. However, the results should not be interpreted 
as evidence that KBRA-based chatbots are generally equivalent to, or can broadly 
replace, LLM-based systems such as ChatGPT.

	  The additional TOST analysis further showed that, when the equivalence 
bounds were set at ±10 points, the learning gains of the KBRA and ChatGPT 
groups could be regarded as practically equivalent. Because each test consisted 
of 10 open-ended items scored on a 10-point scale, this margin corresponded to 
approximately one item difference on the 100-point scale. This result provides 
further evidence that the difference in learning gains between the two groups 
was limited within a practically interpretable range.

	  Furthermore, the ANCOVA results revealed that pre-test performance had a sig-
nificant effect on post-test scores, indicating that learners’ initial ability remained 
an important factor in subsequent learning outcomes. This finding implies that, 
in educational practice, the selection and implementation of AI-assisted learn-
ing tools should take learners’ prior knowledge and learning needs into account, 
rather than relying solely on whether a system is based on LLMs. By emphasizing 
structured domain knowledge and the alignment of key concepts, the KBRA-based 
chatbot may be particularly beneficial for learners who require clear guidance 
and focused instructional support.

3.	 Expert-Scored Response-Quality Comparison Between the KBRA-Based Chatbot 
and ChatGPT

	  The comparison between the KBRA-based chatbot and ChatGPT suggests 
that the difference between the two systems should be interpreted not only in 
terms of expert-scored response quality but also in terms of their response pat-
terns and response boundary control. This analysis should be understood as a 
supplementary expert-scored response-quality comparison based on a limited 
set of prompts and one domain expert rater, rather than as a general bench-
mark of chatbot reliability or response accuracy. Within the scope of the Level 
B Computer Hardware Repair certification domain, both systems demonstrated 
generally strong performance across the 10 evaluation items, suggesting that both 
systems were able to provide largely appropriate responses when the questions 
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were confined to clearly structured subject knowledge. The KBRA-based chatbot 
achieved a total score of 950, while ChatGPT obtained 960, showing that the overall 
performance gap between the two systems was minimal. This result indicates that, 
in a well-bounded knowledge domain, a rule-based or knowledge-base-centered 
chatbot can perform at a level broadly comparable to that of an LLM in terms of 
expert-scored response quality.

	  A closer examination of the item-level results, however, reveals a meaningful 
difference in the nature of the responses produced by the two systems. ChatGPT 
showed a relative advantage on items that required broader conceptual explana-
tion or supplementary contextual elaboration, such as odd parity, one’s comple-
ment, and BASIC operator precedence. In these cases, ChatGPT tended to generate 
answers that were more expansive and instructionally elaborated, which may 
have contributed to its slightly higher scores. Nevertheless, this strength should 
not necessarily be interpreted as evidence of superior response reliability. 
Rather, it reflects the generative flexibility of LLMs, which enables richer expla-
nations but may also introduce content that extends beyond the most direct or 
domain-constrained answer.

	  By contrast, the KBRA-based chatbot exhibited greater stability and tighter con-
trol in questions that closely matched predefined knowledge entries. Its response 
mechanism, which is grounded in structured knowledge retrieval rather than 
open-ended generation, appears to reduce the likelihood of unsupported elabo-
ration. This characteristic is particularly relevant to response-quality interpreta-
tion because educational question answering may be affected not only by factual 
error but also by unnecessary expansion, overgeneralization, or the inclusion of 
plausible yet non-essential information. From this perspective, the KBRA-based 
chatbot may offer an advantage in maintaining response boundaries and pre-
serving alignment with expected domain knowledge. This interpretation is also 
supported by the result for the optical disc data transfer rate item, in which the 
KBRA-based chatbot slightly outperformed ChatGPT by providing a concrete cal-
culation example that more closely matched the evaluation expectation.

	  Collectively, these findings suggest that the distinction between the two systems 
lies less in absolute accuracy than in the balance between explanatory breadth 
and response control. ChatGPT showed a stronger capacity for contextual expan-
sion and more detailed explanation, whereas the KBRA-based chatbot appeared 
to provide greater consistency and tighter control over unsupported content in 
a narrowly defined subject domain. For educational applications, this distinction 
is important. In instructional settings where factual precision, answer stability, 
and response boundary control are prioritized, the KBRA-based chatbot may 
represent a feasible learning support option for bounded domain-specific con-
texts. Nevertheless, because this comparison was based on a limited set of expert-
scored items and one domain expert rater, the findings should be interpreted as 
supplementary evidence of response-quality differences rather than as a general 
evaluation of chatbot reliability or response accuracy across broader domains.

5	 CONCLUSION

This study proposed a lightweight LINE-based mobile knowledge chatbot based 
on a KBRA for supporting learning in the Level B Computer Hardware Repair cer-
tification domain. In contrast to LLM-RAG architectures that require embedding 
generation, vector indexing, and substantial computational resources, the proposed 
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approach employed a smartphone-accessible LINE interface, a Google Apps Script 
backend, and a structured knowledge base to provide domain-specific instruc-
tional responses in natural language. This design substantially simplified system 
construction and updating while maintaining real-time responsiveness in a mobile 
self-directed learning context.

The empirical findings indicate that, within the bounded certification-learning 
context examined in this study, the KBRA-based chatbot may serve as a feasible 
instructional support tool for technical certification learning. Both the KBRA and 
ChatGPT groups showed clear improvement from pre-test to post-test. After con-
trolling for learners’ initial ability, no statistically significant difference in post-test 
performance was found between the two groups, and the effect size associated 
with chatbot type was negligible. Moreover, the TOST equivalence analysis demon-
strated that the learning gains of the two groups were practically equivalent within 
the predefined ±10-point margin. These results suggest that, in the bounded and 
well-structured certification-learning context examined in this study, the LINE-based 
KBRA chatbot may support learners’ subject-matter understanding at a level practi-
cally comparable to ChatGPT under the specific conditions examined. This conclusion 
should be interpreted cautiously and should not be extended to broader domains or 
general chatbot applications without further empirical validation.

The comparative analysis of response characteristics further revealed an import-
ant distinction between the two systems. ChatGPT showed a relative advantage 
in providing broader and more elaborated conceptual explanations, whereas the 
KBRA-based chatbot appeared to demonstrate greater response stability and tighter 
alignment with predefined domain knowledge. From the perspective of response 
boundary control, this difference is educationally meaningful in bounded certifica-
tion-learning contexts. In instructional settings similar to the one examined in this 
study, where the learning content is bounded, structured, and explicitly organized 
in a knowledge base, the KBRA-based chatbot may represent a feasible learning 
support option when factual precision, answer consistency, and response boundary 
control are prioritized.

Overall, this study contributes to the design and evaluation of interactive mobile 
learning technologies for bounded technical certification domains. Rather than 
claiming a broadly novel chatbot algorithm, the study positions its contribution 
as a lightweight implementation and empirical evaluation of a LINE-based mobile 
knowledge chatbot in a structured certification-learning context. The findings sug-
gest that, for the specific bounded certification-learning task examined here, learning 
support may be achievable through a lightweight and structured knowledge-based 
chatbot when the expected domain knowledge can be explicitly organized in 
advance. However, this result should be viewed as preliminary and context- 
dependent rather than as evidence against the broader value of resource-intensive 
generative architectures. From a practical perspective, a simple, transparent, and 
maintainable LINE-based mobile knowledge chatbot may offer a feasible and 
deployment-friendly learning support option for schools or training environments 
with limited computational resources.

Nevertheless, the conclusions of this study should be interpreted as preliminary 
and context-dependent. The relatively small sample size and the use of intact-class 
convenience sampling rather than random assignment limit the generalizability of 
the learning-effectiveness results. In addition, the study focused on a single bounded 
certification domain, namely the Level B Computer Hardware Repair certifica-
tion, and therefore the findings may not apply to other technical subjects, broader 
academic domains, or more open-ended learning tasks. The use of a single domain 
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expert rater for both the open-ended assessments and the response-quality com-
parison also limited the reliability evidence, as inter-rater reliability could not be 
calculated. Furthermore, the ChatGPT backend model version was not controlled by 
the researchers, which may affect the reproducibility of the comparison across dif-
ferent time periods or system conditions. Finally, although system usage logs were 
collected for the LINE-based KBRA chatbot, detailed behavioral usage-log analysis 
was beyond the scope of the present study. Taken together, these limitations indicate 
that the observed practical comparability between the LINE-based KBRA chatbot 
and ChatGPT should be understood only under the specific conditions examined in 
this study.

In addition, the response-quality comparison should be regarded as a supple-
mentary expert-scored analysis based on a limited set of prompts and should not be 
interpreted as a general evaluation of chatbot reliability or response accuracy across 
broader domains. Future research should further examine the scalability, long-term 
instructional value, and transferability of lightweight mobile chatbot systems using 
larger and more diverse learner samples, multiple raters, richer mobile usage-log 
analyses, and other bounded domain-specific learning contexts.
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8	 APPENDIX A. PRE- AND POST-TEST QUESTIONS 
AND SCORING RUBRIC

8.1	 Pre-test questions

1.	 What is a Karnaugh map?
2.	 What is the maximum theoretical data transfer rate, in B/sec, of a 50× optical 

disc drive?
3.	 In Boolean algebra, according to the idempotent law, what is A + A?
4.	 When soldering general electronic active components, such as transistors, ICs, 

capacitors, and resistors, a soldering iron of approximately 30 W is suitable 
because it can provide a stable soldering temperature of approximately how 
many degrees Celsius?

5.	 What is odd parity checking?
6.	 What is two’s complement?
7.	 Convert “001101001” into its two’s complement form.
8.	 Explain the difference between IDE and SATA cables.
9.	 Explain the priority order of arithmetic operators in the BASIC programming 

language from highest to lowest.
10.	 How many JK flip-flops are required, at minimum, to design a divide-by-5 

ripple counter?
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8.2	 Post-test questions

1.	 What is the difference between one’s complement and two’s complement?
2.	 Convert “011100011” into its two’s complement form.
3.	 Explain the similarity between IDE and SATA cables.
4.	 Explain the purpose of a Karnaugh map.
5.	 What is the maximum theoretical data transfer rate, in B/sec, of a 120× optical 

disc drive?
6.	 In Boolean algebra, according to the idempotent law, what is A + A + A + A?
7.	 When soldering general electronic active components, such as transistors, ICs, 

capacitors, and resistors, approximately how many watts should the soldering 
iron have?

8.	 What is the difference between odd parity checking and even parity checking?
9.	 How many JK flip-flops are required, at minimum, to design a divide-by-7 

ripple counter?
10.	 Which arithmetic operator in the BASIC programming language has the highest 

processing priority?

8.3	 Scoring rubric

Each open-ended item was scored on a 10-point scale. The same scoring rubric 
was applied to both the pre-test and post-test.

Correctness of key concepts or procedures: 4 points. Responses received full credit 
in this category when the main concept, formula, rule, or procedure was accurate. 
Partial credit was awarded when the response demonstrated partial conceptual 
understanding but contained minor errors.

Completeness of explanation or calculation process: 3 points. Responses received 
full credit in this category when the answer included sufficient explanation, reason-
ing, or calculation steps. Partial credit was awarded when the response provided 
only a brief or incomplete explanation.

Relevance and clarity: 3 points. Responses received full credit in this category 
when the answer was directly related to the question and clearly expressed. Partial 
credit was awarded when the response was relevant but unclear, incomplete, or 
included unnecessary information.

The maximum score for each item was 10 points, and the total score for each test 
was 100 points. All responses were scored by the same instructor using the same 
rubric to maintain consistency across groups and assessment stages.
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