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ABSTRACT: In traditional instruction, teachers generally deliver the content of textbooks to students via 

lectures, making teaching activities lack vibrancy. Moreover, in such a one-to-many teaching mode, the teacher 

is usually unable to check on individual students’ learning status or to provide immediate feedback to resolve 

their learning problems. Chatbots provide an opportunity to address this problem. However, conventional 

chatbots generally serve as information providers (i.e., providing relevant information by matching keywords in 

a conversation) rather than as decision-making advisors (i.e., using a knowledge-base with a decision-making 

mechanism to help users solve problems). Thus, this study proposes an expert decision-making-based chatbot to 

facilitate individual students’ construction of knowledge during the learning process. A quasi-experiment was 

conducted to compare the differences in the performances and perceptions of students using the expert decision-

making-based chatbot (EDM-chatbot) and the conventional chatbot (C-chatbot) in the activities of a geography 

course. One class of 35 students was the experimental group, using the EDM-chatbot. The other class of 35 

students was the control group, using the C-chatbot. The results of the study showed that the EDM-chatbot 

combined with expert decision-making knowledge significantly improved students’ learning achievement and 

learning enjoyment as well as reducing their learning anxiety, showing the value of the proposed approach. 

 

Keywords: Artificial Intelligence in Education, Expert knowledge, Decision tree, Chatbot, Interactive learning 

system 

 

 

1. Introduction 
 

In recent years, several studies have reported the benefits of using ICT in traditional instruction, such as the use 

of multimedia to present learning content. On the other hand, scholars have found that students generally need 

immediate support to help them address their misconceptions or solve any problems they encounter (Weaver, 

2006). However, in a traditional classroom, the teacher may be the only person who can answer students’ 

questions. With dozens of students in a class, it is almost impossible for teachers to provide instant feedback to 

individual students. Therefore, it is important to encourage students to find answers themselves using 

information tools. With the increasing use of Artificial Intelligence (AI) technologies in education, the main 

research topics include intelligent tutoring systems for special education; natural language processing for 

language education; educational robots for AI education; educational data mining for performance prediction; 

discourse analysis in computer-supported collaborative learning; neural networks for teaching evaluation; 

affective computing for learner emotion detection; and recommender systems for personalized learning (Chen et 

al., 2022). Few studies have considered humanity when employing AI in education. A previous study employed 

human-centered AI to give students individual responses by analyzing their learning behaviors, learning 

environments, or strategies (Yang, 2021). Yang (2021) pointed out that AI research in education is encountering 

new challenges of reshaping the research trend from technology to humanity. The climate unit is one of the most 

complicated learning topics for students in the discipline of geography because there are numerous conditions 

and requirements for judging climate classification. Giving students systematic and personalized guidance when 

learning this topic has become crucial. Therefore human-centered AI should be designed to support the self-

learning of geography.  

 

Self-inquiry, that is, making inquiries about questions by oneself, can increase one’s learning achievement and is 

therefore an effective strategy for students to achieve further understanding. In the field of education, chatbots 

serve as a learning tool where information needed for education can be stored in a database and can be retrieved 

or supplemented at any time by querying the bot, either orally or through text (Wollny et al., 2021). However, if 

each learning note in the chatbot is independent and there is no scaffolding option for students to select, they 

may fall into the loop of the same Q&A cycle or miss some learning notes because they never mention the 

decision conditions during the conversation.  
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In this study, the climate unit learning content was organized and constructed so that students could learn by 

talking to a chatbot with two different mechanisms. Students could acquire knowledge from the chatbot and then 

organize that knowledge. This study aimed to reduce students’ learning anxiety and maintain their learning 

enjoyment through chatbot learning to promote better learning outcomes. Accordingly, in this study, the control 

group used a C-chatbot as a teaching assistant to immediately respond to their questions by referring to the 

database containing each learning note. The experimental group used the EDM-chatbot which incorporated 

expert knowledge decision making, thus applying Artificial Intelligence in Education (AIED) to achieve adaptive 

learning. It was expected that the students could increase their learning achievement and enjoyment, while also 

reducing their learning anxiety through the use of the EDM-chatbot. The research questions in this study are as 

follows. 

 

(1) Did the students using the EDM-chatbot have better learning achievement than those using the C-chatbot? 

(2) Did the students using the EDM-chatbot have lower learning anxiety than those using the C-chatbot? 

(3) Did the students using the EDM-chatbot have better learning enjoyment than those using the C-chatbot? 

 

 

2. Literature review 

 
2.1. Artificial Intelligence in Education (AIED) 

 

AI means the ability of computers to perform tasks by simulating intelligent human behaviors (Duan et al., 

2019). AI technologies have been applied in various forms in various fields, such as medical judgment precisely 

through image recognition via big data (Hulsen et al., 2019), or research on user interfaces that provide 

personalized feedback to users with voice and gesture recognition and natural language processing, the 

combination of voice recognition and natural language robots for business models (Okuda & Shoda, 2018), and 

health management (Nadarzynski et al., 2019). 

 

AIED provides student-centered learning and uses AI to accelerate personalized learning on the one hand, 

providing students with personalized learning guidance or support based on their learning status, preferences, or 

personal characteristics (Hwang et al., 2020). Therefore, the role of the teacher changes with the help of AI and 

robots to provide personalized instruction, shifting to that of a supervisor or facilitator who designs and selects 

machines to support the students’ learning, and who monitors their learning progress (Edwards et al., 2018). 

Therefore, innovative and productive learning activities have been designed, and better technology-enhanced 

learning applications have been developed to facilitate teaching, learning, or decision making; in particular, with 

the help of computer systems that simulate human intelligent reasoning, judgment, or prediction, AI technologies 

can provide personalized instruction to students (Hwang et al., 2020). For instance, a deep learning-assisted 

online intelligent English teaching system was proposed to help students improve the efficiency of English 

teaching based on their knowledge and personality acquisition (Sun et al., 2020), while online learning with 

social robots was used for assisting curriculum. A previous study attempted to combine the mind-mapping-

guided chatbot approach to boost students’ English speaking performance. This approach led to better 

performance than the conventional chatbot approach (Lin & Mubarok, 2021). Based on those successful 

applications of AIED, one of the AI techniques, supervised machine learning and decision tree, was employed in 

the interactive learning environment of the current study. 

 

 

2.2. Chatbots 

 

Chatbots, also known as virtual assistants, are a primitive form of AI software that can mimic human 

conversations and provide users with a new form of flexibility so as to achieve instant interaction (Dahiya, 

2017). For instance, the emergence of chatbots, most notably Apple Siri, Microsoft Cortana, Facebook, and IBM 

Watson, is becoming a common trend in many fields such as medicine, the product and service industries, and 

education. Chatbots have a long history of being used as teaching agents in educational settings. The chatbots led 

to positive learning outcomes and help provide students with better learning and a better personalized learning 

experience (Vanichvasin, 2021). The use of chatbots in classroom tasks can have motivational effects (Fryer et 

al., 2017), as well as providing access to multimedia content with portability, flexibility, and immediate 

searching for information (Gikas & Grant, 2013). Chatbots are not limited to time and place, but can be used for 

supporting learning anytime and anywhere (Shah et al., 2016). Despite the maturity of chatbot technology, there 

is still a need to investigate how to properly add value to human practice in education through the use of chatbot 

technology, including the challenge of designing effective dialogues between humans and robot technology.  
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Due to the large number of students enrolled in the online course, students solved problems with the support of 

the instant feedback given by the web bot. There was a study on combining chatbots with a game learning 

platform to help students enter the game and perform multiple-choice tests through interactive discussions. 

Nenkov (2015) implemented intelligent agents on the platform IBM Bluemix using the IBM Watson technology. 

Chatbots have been applied in some courses such as computer science and computer networking fundamentals 

courses, including for Python learning (Okonkw & Ade-Ibijola, 2020). In another study, by working with a 

chatbot, post-secondary writers developed a thesis statement for their argumentative essay outlines, and the 

chatbot helped them refine their peer review feedback (Lin & Chang, 2020). A knowledge-based chatbot system 

was integrated into the teaching activities of a physical examination course in nursing education, using 

smartphones as learning devices to guide students in practicing their anatomy knowledge and analyzing the 

effectiveness and enjoyment of their learning (Chang et al., 2022). The impact of a teaching simulation activity 

using chatbots on pre-service teacher effectiveness was studied by Song et al. (2022). Accordingly, the chatbots 

have been used in language learning (Fryer et al., 2017), writing skills (Lin & Chang, 2020). Accordingly, the 

chatbot in the current study is a task-based chatbot designed to achieve learning goals by obtaining the intention 

and entities in the user’s messages with natural language processing (NLP), adopting a free-form textual 

dialogue model that does not constrain the user’s choices, and allows the user to interact more naturally with the 

robot. 

 

 

2.3. Expert systems 

 

Expert systems research has been one of the longest running and most successful areas of AI (Wagner, 2017). An 

expert system is a knowledge-based program that can be used to solve problems in a specific domain and provide 

“professional level” answers like human experts. The methodologies used in the domain can provide much help 

to geographers as a means of presenting geographic knowledge in a form that is accessible to many people 

(Fisher, 1989). Early research, based on domain knowledge provided by experienced teachers, proposed an 

expert system-based instructional approach to effective context-aware ubiquitous science learning (Wu et al., 

2013). Using AI technologies to simulate teachers’ knowledge and experience to provide individual students 

with personalized supports or guidance has been recognized as a potential solution (Pai et al., 2020). 

 

A decision tree is a classification of knowledge and the relations of the concept nodes. Concepts shown as nodes 

and the relationships between the tree are connected with lines, like a concept map of learning material according 

to the classification of expert knowledge. In this study, an EDM-based chatbot was constructed based on the 

learner’s prior knowledge measured against the results of a pre-assessment test, and a decision tree was 

generated based on the prior knowledge of the learner and similar former learners who had previously completed 

the course. The learning path was then recommended to the learner as a personalized learning tree. Decision tree 

classification is an important data classification technique which represents a mapping relationship between 

object attributes and object values. In order to employ the expert’s knowledge in the application, the expert 

knowledge decision tree uses decision tables and decision trees to retrieve expert knowledge. The decision tables 

are used to confirm the completeness and correctness of the knowledge retrieval and to present the retrieved 

knowledge in a rule-based manner.  

 

 

2.4. The current study 

 

Effective classroom questioning is crucial for effective teaching and learning. Student questioning is an 

important self-regulatory strategy with multiple benefits for teaching and learning science (Van der Meij, 1994). 

Questioning is important for knowledge construction, discussion, self-assessment, and cognitive curiosity, and is 

also useful for enhancing learning achievement. For example, mutual rhetorical strategies in reading lessons 

were found to improve reading comprehension (Ersianawati et al., 2018). In addition, questioning strategies 

enhance the memory of text details in second language learning, and the comprehension of main ideas (Liu, 

2021). A previous study explored the benefits of repetitive practice of short-answer questions which could 

enhance students’ long-term memory for subsequent improvements in learning performance (Lu et al., 2021). 

However, it is rare to see students asking questions in conventional classes; meanwhile, teachers do not always 

have enough time to answer all of the students’ questions in one class with the pressure of instructional progress. 

Therefore, this study attempted to develop an EDM-chatbot with a decision tree by using the expert system 

architecture and features to optimize the conversation path between the chatbot and the students, and to help 

students concentrate on the learning goals and focus on the interaction. 
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2.5. Learning enjoyment and anxiety 

 

Learning anxiety refers to the negative emotions that students experience during the learning process; they may 

feel anxious at different stages of learning (Alnuzaili & Uddin, 2020), which is a common negative emotional 

response of learners during the learning process. Learners with higher levels of anxiety are more burdened with 

learning, resulting in lower learning efficiency; however, the learning process cannot be completely free of 

anxiety, meaning that learners with the right level of anxiety can perform better. Andrade and Williams (2009) 

suggested that this anxiety, called “facilitative anxiety,” can make learners work harder and pursue better 

performance on tasks in class. 

 

Enjoyment of learning is an affective orientation that stems from the pleasure and happiness that learners derive 

from learning activities (Shumow et al., 2013). By enhancing students’ enjoyment of learning, they may develop 

a high level of interest in the learning goal, which will then allow them to sustain their learning and enhance their 

learning experience (Jack & Lin, 2018). In this study, a chatbot was used to help students learn about climate 

concepts. The chatbot acted as a teacher to guide students, and it was hoped that its use would enhance students’ 

learning enjoyment.  

 

 

3. Development of the Expert Decision Making (EDM)-based chatbot 

 
This study used IBM Watson to build a chatbot for the geographical climate unit of a science course. Climate 

change is a complex environmental problem that can be used to examine students’ understanding, gained through 

classroom communication, of climate change and its interaction. Jakobsson et al. (2009) found in a study 

conducted through a written test that students’ understanding of climate change was poor. They pointed out, 

however, that a written test does not explicitly reveal students’ knowledge. Therefore, in the present study, it was 

considered that students’ understanding or meaning making of complicated issues such as climate change would 

be better if a communicative approach was used.  

 

Table 1 shows examples of the expert knowledge for building the ID3 decision tree (Quinlan, 1983). There are 

16 classifications (i.e., C1, C2…C16) of weather, composed of nine constructs (i.e., elevation, cold in winter and 

cool in summer, latitude, rainfall, dry season, summer dry, stationary front, needle forests, snow (no rain)) 

which have their own different critical feature values, as shown in Table 1.  

 

Table 1. Illustration of examples 

Features Class 

Elevation[m] 

(A) 

Cold in winter and 

cool in summer 

(B) 

Latitude 

(L) 

Rainfall 

[mm] 

(D) 

Dry 

season 

(E) 

Summer 

Dry 

(F) 

Stationary 

front 

(G) 

Needle 

Forests 

(H) 

Snow and 

no rain 

(I) 

A2 Yes L1 D2 Yes No No Yes Yes C1 

A2 No L1 D2 Yes No No Yes Yes C2 

A1 Yes L2 D1 Yes No No No No C3 

A1 Yes L2 D1 No No No No No C4 

A1 Yes L2 D2 Yes No Yes No No C5 

A1 Yes L2 D2 Yes No No No No C6 

A1 Yes L2 D4 Yes No No No No C7 

A1 Yes L3 D2 No Yes No No No C8 

A1 Yes L3 D2 Yes No Yes No No C9 

A1 Yes L3 D2 Yes Yes No No No C10 

A1 Yes L3 D2 Yes No No No No C11 

A1 Yes L3 D3 Yes No No No No C12 

A1 Yes L3 D4 Yes No No No No C13 

A1 No L4 D3 Yes No No No Yes C14 

A1 No L4 D3 Yes No No Yes No C15 

A1 No L4 D3 Yes No No No No C16 

 

Entropy is used to determine the importance of the construct which is used for classification, so as to form an 

effective decision tree. We can calculate the gained information of each feature shown in the following based on 

the training data. 

 

 



 

222 

• Feature A. Elevation: A1 < 3000; A2 ≥ 3000 

• Feature B. Cold in winter and cool in summer? Yes; No 

• Feature L. Latitude: L1 = None, L2 < 30, 30 ≤ L3 < 60, L4 ≥ 60 

• Feature D. Rainfall: D1 ≥ 1500, 500 ≤ D2 < 1500, 250 ≤ D3 < 500, D4 < 250 

• Feature E. Dry season: Yes; No 

• Feature F. Summer Dry: Yes; No 

• Feature G. Stationary front: Yes; No 

• Feature H Needle Forests: Yes; No 

• Feature I. Snow and no rain: Yes; No 

 

Example 1: 

Gain(S,A)= Entropy(S)- Entropy(A) = 

 
 

To develop a decision rule for correctly classifying training examples, ID3 performs feature tests by first 

selecting a feature, and then using the selected feature to classify the examples into subclasses. Next, it calculates 

the information entropy to determine the importance of the feature based on the following Formula 1. 

 

Formula 1: 

Entropy(I) =   

 

In this formula, N, Ni, and C represent the total number of training examples, the number of examples that belong 

to class i, and the number of classes, respectively. Entropy can be used as an indicator of the messiness of the 

information quantity. The calculation of Gain (S, A) indicates the profit of using attribute A (elevation in Table 

1) to partition the data set S. The larger the value of Gain, the less messy the data in attribute A, and the better A 

can be used to classify data; the smaller the value of Gain, the greater the confusion of data in attribute A, and 

the worse the classification of data will be. Therefore, the information gain (S, A) represents the degree of 

reduction of the information complexity under the specific condition of using attribute A, equal to the 

information gain value of feature A. The result is calculated to be 3.46 in example 1. For example, when testing 

the feature “elevation,” the 16 samples are divided into two subclasses, “≥ 3000” and “< 3000.” Then, the sum of 

information entropy of each subcategory can be calculated. By subtracting the information entropy of these 

subclasses from the information entropy of the original training example set, ID3 deduces the information gain of 

the feature “elevation” as the root note at the present stage. In a similar way, the information gain for each 

feature can be obtained separately for testing. 

 

When ID3 searches for features that provide the greatest information gain, the maximum information gain is 

obtained by comparing the gain of each feature. Next, other features are tested and the decision tree is expanded 

until all leaf nodes contain examples falling into a single class, as shown in Figure 1. Five vegetation groups can 

be distinguished as the equatorial zone, arid zone, temperate zone, cool temperate zone, and polar region. The 

second letter of the classification is precipitation (weather or names of climate types), and the third letter is the 

temperature of the location (Kottek et al., 2006). 

 

Figure 1. Example of a climate decision tree 

 
 

This chatbot has the function of learning, and adopts fuzzy matching in IBM Watson as a technique to make the 

conversation with students smoother. Fuzzy matching enables the system to deal with stemming, misspelling, or 
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partial matches. For instance, the term “running” could also be interpreted as “run,” and “bananas” could be 

interpreted as “banana” when dealing with the “stemming” status. Such a stemming problem occurs more in 

English than in Chinese. On the other hand, misspelling and partial matches more frequently occur in Chinese 

interactions. For example, dealing with misspelling means that even if the order of words in a phrase is 

incorrectly located or reversed, the original sentence can still be interpreted. “Partial match” refers to the 

function whereby the system is able to judge the meaning of the statement as long as certain attributes are 

detected in that statement. The system architecture is shown in Figure 2. The C-chatbot is shown in Figure 3. The 

system will search for examples and rules when it receives any questions.  

 

Figure 2. The system architecture diagram of the EDM-chatbot 

 
 

Figure 3. The system architecture diagram of the C-chatbot 

 
 

The C-chatbot conversations were arranged according to the same climate feature sequences, and the dialogue 

replies were designed using the IBM Watson technology which can recognize similar semantics said by the 

students. For example, in Figure 4, the system starts by asking the student a question, then provides related 

information from the multiple choices, and responds to the student with the corresponding learning content in the 
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database. This is a so-called conventional chatbot. Because the C-chatbot easily falls into the same conversation 

loop, the example provides the conversation options for students to choose by clicking the dialogue items when 

they want to interact with the C-chatbot. Meanwhile, the students can also directly reply with the words they 

want to say if they do not just want to click the options. 

 

Figure 4. Dialogue design for the C-Chatbot 

 
 

The EDM-chatbot conversations were processed by an algorithm, so their conversations were more streamlined 

based on the expert knowledge and decision tree, and students were able to organize their knowledge and find 

their learning goals more easily. Examples comparing the two systems are shown in Figures 4 and 5. 

 

Figure 5. Dialogue design for the EDM-Chatbot 

 
 

 

4. Experimental design 
 

The geographical climate expert system was designed to be used as a reference for many natural ecological 

studies and human activities. Each climate variable was analyzed separately for climate patterns, or data could be 

aggregated by using climate classifications. These classifications usually correspond to vegetation distributions, 
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in the sense that each climate type is dominated by a vegetation zone or an ecological region (Belda et al., 2014). 

Köppen was trained as a plant physiologist and believed that plants are indicators of many aspects of climate 

change (Belda et al., 2014). Köppen’s climate classification is based on two climate elements, temperature and 

precipitation, and is confirmed by the distribution of natural vegetation. 

 

 

4.1. Participants 

 

In order to examine the effects of the chatbots on enhancing the learning performance of the geographical 

climate unit, two classes of high school students were recruited. Their average age was 17 years old. One class 

(N = 35) was the experimental group using the EDM-chatbot, while the other (N = 35) was the control group 

applying the C-chatbot. The same teacher taught both groups. The study was approved by the Research Ethics 

Committee of the Graduate Institute of Digital Learning and Education (approval number REA-2020-0705A). 

Subjects were informed that participating in the experiment was voluntary and they could withdraw from the 

study at any stage. 

 

 

4.2. Measuring tools 
 

For this study of applying a chatbot to the climate unit, two master students with teaching experience of 2 years 

on average were involved in the content development. The test of the content was jointly reviewed by two 

experts, and corresponded to the learning content of the chatbot. The test comprised 10 multiple-choice items, 

with a perfect score of 100 points in total. 

 

The scale of learning anxiety and enjoyment used in this study was selected from the Learning Anxiety and 

Engagement Questionnaires (Hsu & Hwang, 2021). There are nine items in the scale of learning anxiety, which 

was assessed on a 5-point scale with an internal consistency reliability of 0.91. An example item is: Learning 

with the chatbot makes me nervous. There are three items in the scale of enjoyment, which was evaluated on a 5-

point scale with an internal consistency reliability of 0.90. An example item is: “The actual process of learning 

with the chatbot is pleasant.” 

 

 

4.3. Experimental procedure 

 

The experimental process is shown in Figure 6. Before the chatbot-based learning activity, the students took a 

pre-test to examine their basic knowledge related to geographical climate and filled out the learning anxiety and 

enjoyment questionnaires. 

 

Figure 6. Research process 

 
 

During the learning activity, each group spent three hours in total. The students were first guided to install the 

chatbot on their mobile phones and use it to complete their individual learning tasks by answering a set of 

questions on learning sheets prepared by the teacher. All the students in the same group used their personalized 

chatbot in the same classroom. Individual students needed to interact with the chatbot to get hints for the self-

learning tasks during the three periods, where each period was 50 minutes with a 10-minute break between. They 

could talk to the chatbot via audio or text input. It should be noted that both groups were asked to complete the 
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same geography learning unit on climate. The only difference between the two groups was that the experimental 

group used the EDM-chatbot, while the control group used the C-chatbot. Both groups completed the experiment 

in half a day, but the two experiments were conducted on different days. 

 

After the learning activity, the students took a post-test during which they could not use the chatbot. The learning 

achievement post-test comprised 10 multiple-choice items related to the knowledge of geographical climate in 

the chatbot. The students also completed the learning anxiety and enjoyment post-questionnaires.  

 

After the experiment, the statistical analysis was performed. The results are presented in the next section. 

 

 

5. Experimental results 
 

The normality test was firstly carried out using the Kolmogorov-Smirnov test according to the research data; it 

was found that all data of each group did not conform to the normal distribution (i.e., all the p values of Shapiro-

Wilk were smaller than 0.05). Therefore, the statistical methods of non-parametric analysis were conducted. 

 

 

5.1. Learning achievement 
 

First, the Wilcoxon signed-rank test was performed to compare the learning achievement pre-test and post-test of 

each group, as shown in Table 2. The results revealed that the learning achievement of the post-test (M = 57.429, 

SD = 11.464) was significantly higher than that of the pre-test (M = 53.143, SD = 12.071) in the control group (Z 

= -2.044*, p < .05). Meanwhile, the learning achievement of the post-test (M = 65.714, SD = 15.202) was 

remarkably higher than that of the pre-test (M = 57.143, SD = 23.082) in the experimental group (Z = -2.736**, p 

< .01). Consequently, both systems were helpful for self-learning.  

 

Table 2. Results of the Wilcoxon signed-rank test on learning achievement for the two groups 

Group N Pre-test Post-test Z 

  Mean SD Mean SD  

Experiment 35 57.143 23.082 65.714 15.202 -2.736** 

Control 35 53.143 12.071 57.429 11.464 -2.044* 

Note. **p < .01; *p < .05. 

 

Next, the Mann-Whitney U test was performed for comparing the pre-test of the two groups. The results 

confirmed that there was no significant difference between the prior knowledge of the students (U = 485.500; Z 

= -1.527; p = .127 > .05). Finally, the Mann-Whitney U test was performed again for comparing the post-test of 

the two groups. The results found that the learning achievement (M = 65.714, SD = 15.202) of the experimental 

group outperformed the learning achievement (M = 57.429, SD = 11.464) of the control group significantly (U = 

416.500, p < .05), as shown in Table 3.  

 

Table 3. Results of the Mann-Whitney U test on learning achievement for the two groups 

Group N Mean SD Average Rank Rank Sum U W Z 

Experiment 35 65.714 15.202 41.10 1438.50 416.500* 1046.500* -2.364* 

Control 35 57.429 11.464 29.90 1046.50    

Note. *p < .05. 

 

 

5.2. Learning anxiety 

 

First, the Wilcoxon signed-rank test was performed to compare the learning anxiety pre-test and post-test of each 

group, as shown in Table 4. The results revealed that there was no significant difference between the anxiety pre-

test (M = 3.083, SD = 0.439) and the anxiety post-test (M = 3.117, SD = 0.279) of the control group (Z = -0.432, 

p > .05). On the contrary, there was a significant difference between the anxiety pre-test (M = 2.844, SD = 0.490) 

and the anxiety post-test (M = 2.390, SD = 0.611) in the experimental group (Z = -2.893**, p < .01). It was found 

that the EDM-chatbot was helpful for significantly decreasing the students’ learning anxiety.  

 

Next, the Mann-Whitney U test was performed for comparing the learning anxiety pre-test of the two groups. 

The results confirmed that there was no significant difference between the prior learning anxiety of the students 

(U = 454.500; Z = -1.883; p > .05). Finally, the Mann-Whitney U test was performed again for comparing the 
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learning anxiety post-test of the two groups. The results found that the learning anxiety (M = 2.390, SD = 0.611) 

of the experimental group was lower than the learning anxiety (M =3.117, SD = 0.279) of the control group, 

significantly (U =216.500***, p < .001), as shown in Table 5.  

 

Table 4. Results of the Wilcoxon signed-rank test on learning anxiety for the two groups 

Group N Pre-test Post-test Z 

  Mean SD Mean SD  

Experiment 35 2.844 0.490 2.390 0.611 -2.893** 

Control 35 3.083 0.439 3.117 0.279 -0.432 

Note. **p < .01. 

 

Table 5. Results of the Mann-Whitney U test on learning anxiety for the two groups 

Group N Mean SD Average Rank Rank Sum U W Z 

Experiment 35 2.390 0.611 24.19 846.50 216.500*** 846.500*** -4.691*** 

Control 35 3.117 0.279 46.81 1638.50    

Note. ***p < .001. 

 

 

5.3. Learning enjoyment 

 

First, the Wilcoxon signed-rank test was performed to compare the learning enjoyment pre-test and post-test of 

each group, as shown in Table 6. The results revealed that the enjoyment post-test (M = 2.790, SD = 0.801) was 

lower than the enjoyment pre-test (M = 3.419, SD = 0.711) in the control group, significantly (Z = -3.105**, p < 

.01). This finding revealed that the students perceived lower learning enjoyment when they carried out self-

learning with the C-chatbot. On the contrary, there was no significant difference between the enjoyment pre-test 

(M = 3.324, SD = 0.810) and the enjoyment post-test (M = 3.343, SD = 0.865) in the experimental group (Z = -

0.082, p > .05).  

 

 

Table 6. Results of the Wilcoxon signed-rank test on learning enjoyment for the two groups 

Group N Pre-test Post-test Z 

  Mean SD Mean SD  

Experiment 35 3.324 0.810 3.343 0.865 -0.082 

Control 35 3.419 0.711 2.790 0.801 -3.105** 

Note. **p < .01. 

 

Next, the Mann-Whitney U test was performed for comparing the learning enjoyment pre-test of the two groups. 

The results confirmed that there was no significant difference between the prior learning enjoyment of the 

students (U = 570.000; Z = -0.524; p>.05). Finally, the Mann-Whitney U test was performed again for 

comparing the learning enjoyment post-test of the two groups. The results found that the learning enjoyment (M 

= 3.343, SD = 0.865) of the experimental group was higher than the learning enjoyment (M = 2.790, SD = 0.801) 

of the control group, significantly (U = 404.000*, p < .05), as shown in Table 7.  

 

Table 7. Results of the Mann-Whitney U test on learning enjoyment for the two groups 

Group N Mean SD Average Rank Rank Sum U W Z 

Experiment 35 3.343 0.865 41.46 1451.00 404.000 1034.000 -2.566* 

Control 35 2.790 0.801 29.54 1034.00    

Note. *p < .05. 

 

 

6. Discussion 

 
The learning discipline in the current study, geography, is one of the humanities learning subjects. This study 

adopted an AI chatbot as an interactive mentor for self-learning students and compared two different chatbot 

designs for smart phones so as to determine the contributions of expert-based decision tree chatbots with human-

centered AI to the humanities learning subjects. The EDM-chatbot can provide different levels of responses from 

a decision tree according to students’ answers. Precision education is very similar to precision medicine in that 

precision medicine must be tailored to each individual difference, including genes, living environment, and 

lifestyle (Lin et al., 2021); in the same way, each student will face different difficulties and obstacles in learning 

which can be addressed by precision education. Rus et al. (2013) found that the effectiveness of teaching and 
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learning can be improved by using an intelligent assistance system with conversational capabilities or in the form 

of a chatbot. The current study also proved that the chatbot used in self-learning of humanities subjects is a good 

means of application to promote the learning achievement of self-learning.  

 

The C-chatbot is a passive way to perform conversation with students, although it can recognize most of the 

students’ semantics. However, each learning note is separately stored in the database. The conversation starts 

from the same sequence for every student so that the students’ anxiety cannot significantly decrease. They have 

to pay attention so as not to miss any key point or fall into the loop of the problem. The current study provided 

the students with the EDM-chatbot with embedded expert decisions underpinning the system so as to provide 

appropriate guidance for individual students and to check each learning note based on the decision tree during 

conversation. Thus, the application of human-centered AI could be achieved. With such a form of self-inquiry 

underpinned by expert decision tree scaffolding for individuals, students can systematically and actively gain 

relevant concepts for knowledge construction. From the perspective of meaningful learning, connecting 

information from different sources in an attempt to combine what they have learned is intended to reinforce 

meaning and enable learners to construct knowledge effectively (Dahiya, 2017). By constructing learning nodes 

through expert knowledge, meaningful learning is constructed, and appropriate learning paths are selected for 

learners to proceed in a sequential manner. 

 

In this study, the EDM chatbot played the role of an interactive knowledge map that provided learners with 

learning paths, learning support for different learners, and self-adjustment. Students using the EDM chatbot to 

learn could make adjustments according to their needs. For example, if the student was already familiar with the 

classification of highland climates, he or she would then skip this classification result according to the chatting 

interaction and be guided to the next type of result. This is why the students showed better academic 

performance after self-learning with the EDM chatbot than those who used the C-chatbot, because the 

application of the decision tree checking during conversation became an automatic mind tool for students or 

scaffolding of learning nodes. In traditional education, teachers may be discriminatory in their conversations 

with students, even if they are unaware of it. In chatbot learning, discriminatory language is removed during the 

process of setting up the chatbot. If teachers pass on the wrong knowledge and do not correct it in time, it may 

cause learning difficulties for students. With the chatbot approach to learning, this problem can be solved by 

making sure that the chatbot is built to be free of knowledge errors and guidance. In sum, the EDM-chatbot 

group showed lower learning anxiety than the C-chatbot group because they did not need to be afraid of the level 

of questions they asked, and they could get the required learning responses from the robots (Babel et al., 2021). 

Simplifying the chatbot conversation process by means of decision trees allows students to find adaptive learning 

content or answers more quickly, so they will not always be in the same dialogue loop. Therefore, the EDM-

chatbot can not only reduce students’ learning anxiety, but can also maintain their learning enjoyment. 

 

 

7. Conclusions 
 

The core of the human-centered AIED research is to support students’ learning by designing instruments which 

address students’ learning dilemmas and provide them with equitable access to learning opportunities. In this 

study, an EDM-chatbot was constructed using IBM Watson, and expert decision making was incorporated into a 

multi-round dialogue mechanism to provide students with adaptive learning. In AI algorithmic systems, biased 

words related to culture, religion, and gender are avoided, providing learners with a level playing field, and new 

algorithms can achieve closer to human performance with intelligent analysis, diagnosis, prediction, treatment 

and prevention, providing adaptive learning for students (Yang, 2021). Personalizing instruction to the unique 

needs of learners, developing teaching strategies (Tempelaar et al., 2021), and creating human-centered learning 

technologies achieved the standards of precision education (Luan & Tsai, 2021). The experimental results 

showed that the EDM-chatbot was more effective than the C-chatbot in terms of promoting students’ learning 

achievement, reducing their learning anxiety, and increasing their learning enjoyment. The chatbots use natural 

language processing to judge the focus of the students’ conversation. They will not respond to students using any 

biased or discriminatory language, but will converse fluently and answer the climate issue first. The 

conversations of the chatbots in this study were centered on the learning content and were verified to contain no 

discriminatory language. The learning content was designed based on the textbook content and was verified by 

the instructor to be explanatory and reliable. Teaching requires interaction, and chatbots provide students with 

immediate guidance and answers, thereby increasing learning achievement and interest, and enhancing students’ 

enjoyment of learning (Fryer et al., 2019). 

 

Shneiderman (2020) described human-centered AI as a promising direction for designing AI systems that 

support human self-efficacy, promote creativity, clarify responsibility, and facilitate social participation. This 
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study used a chatbot to help students learn knowledge about the climate. Chatbots can solve the problems of 

conventional education. It is difficult for teachers to deal with the problems encountered by each student or to 

spend too much time on specific learning content. Students can use a chatbot to find answers on their own and to 

study the content they are not familiar with at any time. However, chatbots have some limitations. Chatbots are 

more suitable for structured or rule-based learning content. The process of building chatbots for unstructured 

learning content will be very complicated, and it is also difficult for students using general chatbots to organize 

their knowledge structure. The chatbot does not know the student’s ability in advance or their learning situation 

during the conversation, so it may be necessary to confirm with a pop quiz, or as in this study, options to hint and 

guide the students’ direction can be used, as in C-chatbot, or a decision tree to structure and check the learning 

nodes of each student can be used, as in EDM-chatbot. 

 

Despite the positive findings, there are some limitations to the present study that should be noted. First, if the 

students’ answers are irrelevant to the question at hand, the chatbot might have to start the conversation from the 

beginning, which may make the students feel impatient. In addition to system stability and accuracy adjustment, 

future studies are encouraged to include a machine learning mechanism to refine the chatbot’s natural language 

processing ability by analyzing the behavioral patterns and feedback of the students using the chatbots. It would 

also be valuable for future research to track students’ learning emotions, or to compare the difference in the 

effects that voice chatbots and physically human-like chatbots have on students’ learning. It is recommended that 

future studies first collect the learning achievement and engagement of students in traditional lectures, so that the 

performance of the students using e-learning combined with an AI mechanism for self-learning can be compared 

with the performance of students taught by a teacher in a traditional lecture class which cannot take any 

personalized responses into consideration. Because this study compared two mechanisms under the precondition 

of self-learning, teachers did not intervene in students’ learning in this study. Research has identified teachers’ 

intentions to adopt AI tools in the classroom as a factor that influences the integration of AI technologies or 

applications into educational curriculum design (Wang et al., 2021). Therefore, teachers’ perspectives on 

chatbots can also be explored in future studies. Future studies are encouraged to propose other research 

objectives and hypotheses which are different from those in this study. In other words, it is suggested that 

teachers become an independent variable in further studies. Another limitation of this study is that it employed 

chatbots in a geographical climate unit only with limited self-learning time, so it is suggested that future studies 

try the highly interactive design of chatbots for different disciplines and courses for a longer period of time. 
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